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SUMMARY 
Engineers are nowadays encouraged to incorporate the principles of 
sustainability in new and existing facilities. In this scenario, the question that 
still remains is how to assess the environmental sustainability of a product in 
a fast, reliable, accurate and economic manner. As an example, there are 
several millions of products officially recognized by the United Nations, but 
so far we have only fully assessed the global environmental impact of a few 
thousand. This is so because in today's globalized markets environmental 
studies have become data intensive and time consuming, while at the same 
time new technologies and products are being developed at a very fast pace. 
In this challenging context, the widespread adoption of sustainability 
principles in industry will hardly take place without the proper decision-
making support tools. 
It is important to follow a sustainable approach not only at the 
engineering scale, but also at a wider global scale. Nowadays, governments 
are looking for policies promoting a more sustainable development. 
However, the design of these polices is challenging, particularly when 
several countries are involved in the life cycle of products and detailed 
knowledge of the international channels through which goods and services 
are traded is required. 
This thesis proposes systematic methods for the assessment and 
optimization of life cycle impact assessment (LCIA) metrics that measure 
the environmental performance of a system, either at the smaller engineering 
scale or at the bigger macroeconomic level. The methods investigated 
include multivariate statistical analysis, life cycle assessment, 
environmentally extended multi-regional input-output models, mixed 
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integer-linear programming and multi-objective optimization. We apply 
these methods to international databases to shed light on how the 
environmental impacts are generated and how to design environmental 
policies in a simpler and effective way, at both engineering and global 
scales. 
The work compiled in this PhD dissertation comprises four papers for 
their publication in international peer reviewed journals (three of them have 
been published, and the last one is ready to be submitted). The first paper 
describes the application of multivariate statistical analysis to assess the 
relationship between the different LCIA metrics at an engineering scale [1]. 
Then, we apply optimization tools to identify proxy LCIA metrics that can 
simplify the LCA analysis by reducing the amount of input data required [2]. 
In the other two papers macroeconomic data are analyzed. First, we use 
multivariate statistical analysis to identify environmental impact patterns at a 
global scale [3], and finally, we develop a multi-objective optimization 
model to identify economic sectors whose regulation will lead to a reduction 
of the environmental impact at a global scale with minimum changes in the 
economic flows [4]. 
A comprehensive multivariate statistical analysis of LCIA data of 4087 
products classified into 18 categories is performed to study the level of 
correlation between impacts [1]. A total of 32 LCIA metrics, calculated 
using three different methodologies (cumulative energy demand (CED), 
impact-oriented characterization (CML 2001) and eco-indicator 99 (Eco-
99)), are investigated. In this approach, the starting point is the identification 
and elimination of outliers using the robust correlation matrix. Then, a 
correlation analysis based on the Pearson’s correlation coefficient is 
performed considering a level of significance of 0.001. The dispersion of the 
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data is assessed using the coefficient of variation. Finally, least-squares 
linear regression models are constructed in order to evaluate whether there is 
a single metric which suffices to predict the others. Results show a high level 
of correlation between most impact metrics and that the most correlated 
categories are those with a low coefficient of variation. Despite these 
findings, it is not possible to make accurate predictions using a single proxy 
LCIA metric. 
The assessment of environmental metrics explained above shows that 
many LCIA metrics are highly correlated. In view of this, it might be 
possible to develop streamlined LCA methods capable of predicting 
environmental metrics with accuracy from a reduced set of proxy indicators. 
Bearing this goal in mind, in the second paper we propose a rigorous 
approach [2] based on the combined use of multi-linear regression and 
mixed-integer linear programming for predicting in a fast, reliable and 
accurate manner the damage caused by a product over its entire life cycle 
from a reduced number of proxy environmental metrics. This methodology 
is applied to data retrieved from the ecoinvent database considering 17 LCIA 
metrics associated with products in the electricity and oil categories. This 
approach requires no aprioristic knowledge on the system. Results show that 
few indicators suffice to describe the environmental performance with 
accuracy. This simplification can lead to significant savings in time and 
resources during data collection in LCA analysis. 
We next perform the multivariate statistical analysis explained below to 
macroeconomic data to identify global environmental impact patterns [3]. 
The aim of this section is to study the impact patterns of the wealthiest 
nations using environmentally extended multi-regional input-output tables. 
The statistical analysis is performed on data retrieved from the World Input-
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Output Database. This database covers more than 30 million economic 
transactions taking place between 35 economic sectors of 40 countries (27 
EU countries and 13 other major countries that represent 85% of the world’s 
gross domestic product) and 69 environmental metrics classified into air 
emissions, land occupation, and the consumption of energy, water and 
natural resources. In this case study, before performing the statistical 
analysis, we first calculate the consumption-based impact of nations using 
multi-regional input-output models. Assessing the consumption-based 
impact instead of the production-based impact avoids the potential masking 
of the environmental impact that occurs when displacing the manufacturing 
tasks to countries with soft environmental regulations. The outcome of the 
statistical analysis applied to these data shows that most of the nations have 
similar environmental impact patterns despite polluting with different 
intensity. This information can be very useful during the development of 
unified environmental regulations. 
The identification of environmental impact patterns provides us with 
the possibility of designing effective environmental policies, which can be 
applied to countries displaying similar pollution patterns. In paper four [4] 
we apply a systematic multi-objective optimization approach that provides 
decision-support for environmental policy makers. This method 
simultaneously minimizes the global CO2 emissions (assessed via LCA) and 
maximizes the demand satisfaction of a nation. This approach relies on a bi-
objective linear programming model that contains the basic equations of a 
multi-regional environmentally extended input-output table. The calculations 
are performed using data retrieved from the World Input-Output database for 
the year 2009. Numerical results produced for the case of US show that it is 
possible to reduce the global CO2 emissions with little impact on the US 
economy by controlling key economic sectors. Furthermore, we observe that 
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the global CO2 emissions can drop by approximately 2% (without any 
perturbation on the economy) if we increase the share of cleaner energy 
sources (i.e., shale gas) in the electricity grid of US. 
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1 INTRODUCTION 
In the recent past, there has been a growing interest on the development 
of more sustainable products. The question of how to assess the 
environmental performance of a product in a fast, reliable, accurate and 
economic manner remains still open. What has become clear is that the three 
main pillars of sustainability (economic performance and social and 
environmental impact) should be assessed over the entire life cycle of a 
product. Life cycle assessment (LCA) is a well-established methodology that 
quantifies the life-cycle environmental impact of a product following well 
defined and documented principles and guidelines [5, 6]. A wide variety of 
impact assessment methods based on LCA currently exist [7]. However, 
their calculation requires large amounts of data that are difficult to collect in 
practice. 
At the macroeconomic level, globalization of markets and the 
consequent international trade have accelerated the socioeconomic 
development of nations, but have in turn led to undesirable effects like the 
externalization of environmental impacts. The design of sustainable policies 
becomes therefore challenging when more than one country is involved in 
the life cycle of a product. The environmental impact should be assessed on 
a life cycle basis and across nations in order to avoid outsourcing. However, 
performing an LCA study at the macroeconomic level is often hindered by 
the lack of information on the life cycle of products being internationally 
traded. 
This thesis is devoted to overcoming such limitations by developing a 
set of systematic methods for assessing and optimizing life cycle impact 
assessment (LCIA) metrics from a sustainable perspective at both the 
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macroeconomic and engineering scales. The final goal is to facilitate the 
development of simpler and effective environmental policies. 
Fig. 1. illustrates the work developed in this thesis. We first conduct a 
multivariate statistical analysis using environmental data at the engineering 
scale in order to assess relationships between LCIA metrics. Then, we apply 
optimization tools to identify proxy LCIA metrics that will reduce the 
amount of data required for the execution of an LCA analysis. After that, we 
perform a multivariate statistical analysis to identify environmental impact 
patterns at a global scale using environmentally extended multi-regional 
input-output models (EEMRIO). Finally, we develop a multi-objective 
optimization (MOO) model to identify which economic sectors must be 
regulated first in order to reduce the environmental impact at a global scale 
with minimum changes in an economy. 
The document is organized as follows. Section 1 introduces the 
challenging problems addressed in this thesis and provides a general 
background on mathematical programming and other techniques used in this 
thesis. The assessment of environmental impact metrics at an engineering 
scale is presented in section 2. The following section (section 3) applies 
optimization tools to identify proxy LCIA metrics. Then, in section 4, 
macroeconomic data are first assessed using multivariate statistical analysis 
tools. Finally, in section 5 a MOO problem is proposed to design effective 
environmental policies. 
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Fig. 1. Roadmap of the thesis. Green squares are the input data used at 
both the engineering and macroeconomic levels, blue squares are the 
methodologies presented in this thesis and orange squares represent the 
objectives of our work. The references to papers in which the objectives are 
accomplished are included in brackets. 
1.1 Objectives 
The particular objectives of this doctoral thesis are: 
 To study the relationship between LCIA metrics at an engineering 
scale by applying a multivariate statistical analysis in order to 
determine if impacts within a given category are correlated and the 
intensity of such correlation. 
 To develop a rigorous and systematic approach for identifying and 
selecting a reduced subset of proxy LCIA metrics to be used in 
Assessment of environmental impact metrics
Design of effective 
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Design of an SLCA 
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Identification of 
environmental 
pollution patterns [3]
Identification of LCIA 
metrics correlation [1]
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simplified multi-linear regression models that predict other impacts 
with high accuracy. 
 To analyze environmental impact patterns at a global scale by 
applying a statistical analysis on data retrieved from an 
environmentally extended multi-regional input-output (EEMRIO) 
table covering a wide variety of nations and impacts. 
 To develop a systematic tool for identifying economic activities that 
need to be modified in order to reduce the environmental impact to 
the maximum extent possible while minimizing, at the same time, 
the changes to be performed in an economy. 
1.2 Assessment of environmental impacts: Life Cycle Assessment 
There is no consensus yet on how to assess the environmental 
sustainability of a product in a reliable and accurate manner. As a result, a 
wide range of impact assessment methodologies have been developed for 
quantifying the life cycle environmental impact of a product or a process. 
Among them, life cycle assessment (LCA) has become the prevalent 
approach [5, 8, 9]. 
LCA is a well-established methodology that has recently expanded 
rapidly in both academia and industry, finding applications in a wide variety 
of fields [8]. The main merit of LCA lies in the holistic view adopted, which 
avoids shifting environmental burdens between echelons of the product 
supply chain. A standard LCA comprises four main phases [6]: 
 goal and scope definition, where the boundaries of the analysis are 
defined; 
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 inventory phase, which calculates the life cycle inventory of inputs 
and outputs associated with the product (i.e., life cycle emissions to 
air, soil and water, amount of waste generated and feedstock 
requirements); 
 impact assessment phase, which determines the life cycle impact in 
several damage categories from the life cycle inventory; and 
 interpretation of results (results are analyzed and recommendations 
are made to improve the life cycle environmental performance of 
the product). 
In today's globalized markets, the calculation of life cycle impact 
assessment (LCIA) metrics has become highly data intensive and time 
consuming. This thesis seeks to simplify these calculations and give a clear 
answer to the open challenges in this area, which are discussed in detail in 
the ensuing sections. 
1.3 LCA at an engineering scale: challenges and proposed solutions 
LCA studies need to collect large amounts of product data in the 
inventory phase, which are required to fully characterize the whole range of 
upstream and downstream processes associated with a given product [10]. In 
practice, gathering full information of the operations of complex, interrelated 
industrial systems including all emissions and activities for each of them is 
often a prohibitive task for several reasons. First, data collection tends to be 
highly time consuming and expensive, and for this reason companies 
typically store information of only a subset of regulated compounds for 
which records are mandatory. Second, a full LCA may require data from 
external companies that might consider them too confidential to be released 
for external use. This situation creates data gaps that might affect critically 
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the outcome of the LCA analysis, thereby leading to spurious conclusions 
and wrong advice (in many cases, instead of having data of each industry, 
data available are usually an average of the data of all industries within a 
sector or band-specific). Data availability is therefore a major issue in 
sustainability assessment that can hinder the widespread adoption of 
sustainability principles in industry. 
Streamlined LCA methods (SLCA) have been devised to this end [11, 
12]. The concept of SLCA appeared originally to reduce the amount of data 
required by a standard full LCA [13]. The goal of a SLCA is to approximate 
the results of a full LCA (i.e., the one that could be developed with full 
information of all the industrial processes related to the main product) but 
using less data. 
According to the Society of Environmental Toxicology and Chemistry 
[13], SLCA methods typically follow nine approaches, which can be roughly 
classified into three main groups: (1) to contract the system boundary and 
remove some upstream and/or downstream components; (2) to use 
qualitative and/or less accurate data; and (3) to calculate the impact from 
selected inventory entries. 
Most of the SLCA methods developed so far belong to the third group 
of approaches. Part of the research efforts here have focused on defining a 
universal proxy indicator which could be used to predict a wide range of life 
cycle impacts [14–17]. In addition, customized streamlined methods have 
been developed for many industrial sectors, including vehicle development 
[18, 19], oil refineries and industrial facilities [10], coal-fired electricity 
plants [20], pharmaceuticals [21], food processing [22] and plastic bags and 
recycled materials [23]. However, these studies require a detailed knowledge 
of the process in order to select the appropriate proxy indicator and thus 
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avoid potentially wrong conclusions. This makes standard SLCA case-
dependant and for this reason these methods cannot be readily applied to 
other areas. With new technology and products being developed at a very 
fast pace, the use of proxy impact indicators would simplify LCA studies to 
a large extent, since only the data related to the quantification of the proxy 
would be required. Furthermore, comparisons between alternative products 
would become easier, as they could be performed on the basis of an analysis 
of a single category. Therefore, developing fast, reliable and accurate SLCA 
methods capable of predicting the life cycle impact of a product from limited 
data readily quantified in practice is a priority to ensure a more sustainable 
development. 
1.3.1 Towards a systematic streamlined life cycle analysis 
1.3.1.1 Identification of correlated metrics 
The extent to which the data required by a standard LCA can be 
simplified depends on the decisions to be made along with the final goal of 
the analysis. Most SLCA strategies use specific data to represent impacts or 
life cycle inventory entries. These methods attempt to identify a specific 
subset of LCIA categories from which to predict the outcome of a full space 
LCA with the maximum possible accuracy. In general, SLCA studies 
exclude factors that are relevant for the analysis, thereby leading to 
uncertainties as well as potentially wrong conclusions [24]. To minimize this 
effect, it is crucial to make the right simplifications (e.g. remove the proper 
upstream/downstream components, use appropriate surrogate data, identify 
key inventory entries to be used as proxy, etc.). 
A first step towards this goal would involve the identification of 
correlated metrics which could be omitted from the study. Despite its 
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importance, the study of the relationships between environmental metrics 
has received little attention to day. 
Multivariate statistical analysis becomes a powerful tool to shed light 
on how to simplify the calculation of LCIA metrics, as it is the area of 
statistics that deals with observations made on many variables (i.e., 
environmental impacts) [25]. These tools allow us to analyze and quantify 
the extent to which environmental impacts are correlated, an information that 
can be used to simplify LCA studies. 
In this thesis, we use the correlation matrix, based on Pearson’s 
correlation coefficient [26, 27], to study the relationships between impact 
metrics (see section 2.5.Multivariate statistical analysis in [1]). In addition 
to the correlation analysis, the dispersion of the data is assessed using the 
coefficient of variation. This analysis requires data on LCIA metrics that can 
be retrieved from several LCA databases (i.e., GaBi, Simapro, ecoinvent, 
ELCD, NREL) [28–32]. Without loss of generality, in this thesis the 
environmental data at the engineering scale have been retrieved from the 
ecoinvent database (see section 2.1 Ecoinvent Database in [1] and section 
4.1 Ecoinvent Database in [2] for further details). 
The statistical analysis performed in this thesis is applied considering 
data split into 18 categories. We consider that a data set is heterogeneous 
when the products/technologies within the group display dissimilar features 
(e.g., chemicals). On the opposite case, when the processes within a category 
are similar, the set is homogeneous (e.g., oil). The aim of this analysis is 
therefore to assess the level of correlation and dispersion of the data. 
The identification of impacts with similar behavior has a two benefit: (i) 
It provides valuable insight for developing SLCA methods in which 
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redundant metrics are omitted with little loss of information; (ii) it assists in 
the development of simpler environmental policies focusing on regulating a 
reduced number of proxy impacts. 
1.3.1.2 Combination of optimization with multi-linear regression 
Once the relationships between LCIA metrics are understood, the next 
step involves the development of customized SLCA methods based on this 
information. In this thesis, we propose to combine multi-linear regression 
models with mathematical programming (see section 1.5.2.1) for 
systematically selecting proxy LCIA metrics in streamlined LCA analysis 
(see [2]). In particular, we propose to split the LCIA metrics of interest into 
two groups. The first group will contain a subset of proxy LCIA metrics 
whose values (which will be measured) will be used as the input of a set of 
multi-linear regression models that will predict the value of the second group 
of LCIA metrics. The selection of the metrics which will be used as proxy as 
well as the parameters for the multi-linear regression models will be 
obtained automatically by formulating and solving a mixed-integer linear 
programming problem (MILP, see section 1.5.2.1). In addition, we will test 
the validation of multi-linear regression models using the k-fold cross-
validation (see section 1.5.3). The main advantages of this methodology are 
two: 
 All significant environmental data will be used, since all the LCIA 
metrics are either measured or estimated. 
 It requires no aprioristic knowledge on the system and, thus, can be 
easily extended to new processes. 
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1.4 LCA at a global scale: challenges and proposed solutions 
Social pressure towards the adoption of sustainability principles at a 
wider macroeconomic level has encouraged governments to incorporate 
environmental concerns in public policies. Consequently, countries must 
face the challenge of improving their environmental performance while still 
remain economically competitive. It seems clear that in a globalized 
international market, the impact should be assessed on a life cycle basis and 
across nations (i.e., on a consumption-based basis) in order to avoid 
outsourcing. However, LCA studies at a macroeconomic level require 
information on mass and energy flows embodied in the life cycle of products 
being internationally traded. This information is seldom available. 
Environmentally-extended input-output (EEIO) models (see section 
1.5.1) aggregate LCA data into economic sectors, which simplifies the 
environmental analysis. These models assess the environmental and 
economic performance of a system by establishing a link between the total 
economic output and the associated environmental impact of each economic 
sector of a region [33] (see sections 3.2. Environmental extension of the IO 
Model and 3.3 Multi-regional IO Model in [4] for further details in the 
procedure). 
Isolated, EEIO models can only be used to assess the effect that 
different scenarios have on the economic and environmental performance of 
a region. However, these models can be combined with multi-objective 
optimization (see section 1.4.1.2) in order to automatically generate optimal 
alternatives for the current situation. This combined approach has been 
applied by several authors. Cho [34] combined multi-objective programming 
and input-output (IO) models to maximize the economic growth and 
simultaneously minimize the environmental pollution and the energy 
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consumption of a region in Korea. Oliveira and Antunes [35] developed 
multi-objective optimization model for Portugal using IO models. Hondo et 
al. [36] applied IO models to technology selection for housing policy toward 
the long-term reduction of CO2 emissions in Japan. San Cristóbal [37] 
proposed an EEIO linear programming problem combining two types of 
restrictions: environmental restrictions establishing GHG emission targets, 
and economic restrictions. These works focused on optimizing single 
economies without considering international trade, thereby neglecting the 
impact that changes in the economy of a region may have on other overseas 
economies. 
Environmentally extended multi-regional input-output (EEMRIO) 
models (see section 1.5.1) attribute pollution or resources depletion to the 
final demand of a product or service following a consistent holistic approach 
[38] and considering economic transaction between countries, which makes 
them very useful for policy making. These models have never been 
combined with multi-objective optimization. In this thesis, the 
environmental assessment and the optimization at a global scale of an 
economy is conducted on the basis of these models (see [3, 4]). 
1.4.1 Towards an effective environmental legislation 
In addition to the challenges stated in the previous section, there is one 
consideration which should not be overlooked when conducting 
environmental assessment studies at the macroeconomic level. It is well 
known that nations displace the manufacturing tasks to countries with softer 
environmental regulations in order to mitigate their own environmental 
impact [39–44]. To avoid having inaccurate results, environmental policies 
should be based on consumption-based emissions rather than on production-
based emissions. 
UNIVERSITAT ROVIRA I VIRGILI 
DEVELOPMENT OF SYSTEMATIC METHODS FOR THE ASSESSMENT AND OPTIMIZATION OF LIFE CYCLE 
ENVIRONMENTAL IMPACTS. 
Janire Pascual González 
Dipòsit Legal: T 1570-2015
12 
 
The production-based emissions are those associated to activities of 
facilities operating within the limits of a country regardless of whether their 
products are consumed locally or externally exported. Therefore, policies 
based on production penalize the producer rather than the consumer. This 
weakness allows the trade of emissions between countries, which mask the 
impact of the developed countries. 
On the contrary, consumption-based emissions refer to those emissions 
caused by all the facilities located anywhere in the world that cover the 
demand of a region. The definition of policies based on consumption, rather 
than production, ensures that final consumers are penalized for the emissions 
associated with the consumed goods, thereby preventing the masking of 
impact via displacement of production facilities. 
Fig. 2 illustrates the differences in the quantification of impacts 
between the production based and the consumption based perspective. In this 
example we consider 4 countries. From a production based approach, A and 
D are slightly polluting countries, B is highly polluting and C is totally 
clean. On the contrary, from the consumption based approach, A and C 
become the most polluting countries, while country B changes from the most 
polluting to a totally clean country. 
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Fig. 2. Illustrative example of the differences in the quantification of 
impacts between the production based and the consumption based 
perspective. The arrows represent the emissions embodied to goods in trade 
between countries. 
1.4.1.1 Identification of similar pollution patterns 
The implementation of sustainability principles at a global scale can 
only be achieved by imposing effective environmental regulations targeting 
the appropriate drivers of environmental impact. Different tools can assist 
policy makers during the development of these regulations. One analysis that 
is valuable is to identify countries showing similar environmental impact 
patterns, which enables the definition of effective unified environmental 
policies for similar nations [45]. Such study has yet to be conducted on the 
context of EEMRIO models. In this thesis, we use the correlation matrix, 
based on Pearson’s correlation coefficient [26, 27], to study the relationships 
between impact metrics at the macroeconomic scale [3] (see section 2.4 
Multivariate statistical analysis in [3] for further details of the procedure). 
For this, we use the World Input-Output Database (WIOD), which is an IO 
database that covers 35 manufacturing sectors and 41 major countries in the 
world for the period 1995 to 2009 (see section 2.1 WIOD database and 2.3 
Pressure indicators in [3] and section 4.1 Data source in [4] for further 
details). 
Production based 
emissions
Country A
Country B
Country C
Country D
Consumption based 
emissions
Country A
Country B
Country C
Country D
A
B C
D
Emissions embodied to goods in trade
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1.4.1.2 Combination of multi-objective optimization with environmentally 
extended input-output models 
EEMRIO models can be combined with multi-objective optimization to 
identify key economic activities that need to be modified in order to 
minimize the environmental impact at a global macroeconomic scale. This 
tool could assist policy makers in the development of public policies 
targeting key sectors to be regulated. 
In particular, we combine EEMRIO models with MOO to maximize the 
demand satisfaction while minimizing the environmental impact at a global 
scale (see section 3.4. Multi objective optimization problem based on linear 
programming in [4] for further details in the procedure). 
The main novelty of our approach is that it makes use of an EEMRIO 
model that identifies optimal environmental strategies in a single region (in 
this case US) taking into account the impact that those strategies will have 
globally, thereby leading to a decrease of the global impact rather than the 
local impact. The goal of the analysis is to maximize the demand satisfaction 
of the US economy and simultaneously minimize the CO2 emissions at the 
global macroeconomic scale, and therefore, identify the sectors to be 
regulated first. 
The approach presented relies on a multi-objective linear programming 
model (see section 1.5.2.2), since the environmental impact must be 
minimized while at the same time maximizing the economic output. As a 
consequence, the solution of the MOO problem is given by a set of Pareto 
points rather than a single optimal solution. There are several methods 
available for solving MOO problems. Without loss of generality, the epsilon 
constraint (EC) method is applied in this thesis (see section 1.5.2.3). 
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Our analysis identifies economic sectors whose regulation leads to 
major CO2 emissions savings at marginal decreases in economic 
performance. The combination of EEMRIO models with MOO problems 
proves to be a powerful tool in the development of more effective 
environmental policies. 
In addition, this approach allows us to identify the effect that 
introducing greener energy sources will have on the economy. Specifically, 
we analyze the effect of that increasing the share of shale gas in the 
electricity grid of US will have on its overall environmental performance 
(see [4]). 
1.5 Methodology 
This section provides an overview of the main techniques used in this 
thesis. 
1.5.1 Environmentally extended multi-regional input-output models 
Input-output (IO) models [46, 47] were conceived as an economic tool 
to analyze the interdependence of industries/sectors in an economy. They 
allow predicting how changes in the final demand of services could affect 
the whole economic system (see section 3.1 Input-Output (IO) model in [4] 
for further details in the procedure). Table 1 shows a generic IO table, in 
which the rows represent the intermediate sales form one sector to the others 
and the columns the purchases from one sector to the others. 
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Table 1. Illustrative example of an IO table for the case of 1 region and 
3 industrial sectors. 
 
Sales   
Sector 1 Sector 2 Sector 3 Final demand Total output 
P
u
rc
h
a
se
s Sector 1 x(1,1) x(1,2)  x(1,3) y(1) X(1) 
Sector 2 x(2,1) x(2,2)  x(2,3) y(2) X(2) 
Sector 3 x(3,1) x(1,2)  x(3,3) y(3) X(3) 
The equations of an IO model can be expressed in compact form as 
follows: 
𝑋(𝑖) = ∑ a(i,j)X(j)+y(i)
𝑗
             ∀i (1) 
𝑎(𝑖, 𝑗) =
𝑥(𝑖, 𝑗)
𝑋(𝑗)
                            ∀𝑖, 𝑗 
(2) 
where X(i), X(j) are the total output in currency units of sector i and j, y(i) is 
the final demand (end user) of sector i, a(i,j) are technological coefficients 
and x(i,j) is the output of sector i acting like an input for sector j. 
Environmental aspects can be integrated into IO models giving rise to 
EEIO models [33]. To this end, additional rows denoting the pollution 
intensity of each sector (i.e., impact per unit of money traded) are added to 
the original table, obtaining the following equation: 
  
UNIVERSITAT ROVIRA I VIRGILI 
DEVELOPMENT OF SYSTEMATIC METHODS FOR THE ASSESSMENT AND OPTIMIZATION OF LIFE CYCLE 
ENVIRONMENTAL IMPACTS. 
Janire Pascual González 
Dipòsit Legal: T 1570-2015
17 
 
𝑇𝐼𝑚𝑝 = ∑ 𝐼𝑚𝑝(𝑖) = ∑ 𝑋(𝑖)𝑒(𝑖)                  
𝑖𝑖
 (3) 
where Imp(i) is the environmental impact associated with sector i, while e(i) 
is the environmental pollution intensity for sector i (i.e., impact per monetary 
unit traded). Finally, TImp is the total environmental impact generated by all 
sectors of the economy. 
When more than one country is considered in the analysis, the IO 
model becomes a multi-regional IO model. Then, IO equations should be 
rewritten as follows. 
𝑋(𝑖, 𝑟) = ∑ ∑ 𝑋(𝑗, 𝑟′)𝑎(𝑖, 𝑗, 𝑟, 𝑟′) + 𝑦(𝑖, 𝑟)                       ∀𝑖, 𝑟
𝑟′𝑗
 (4) 
𝑎(𝑖, 𝑗, 𝑟, 𝑟′) =
𝑥(𝑖, 𝑗, 𝑟, 𝑟′)
𝑋(𝑗, 𝑟′)
                                    ∀𝑖, 𝑗, 𝑟, 𝑟′ 
(5) 
where X(i,r), X(j,r’) are the total output in currency units (e.g. US$) of sector 
i and j in region r/r’, a(i,j,r,r’) are technological coefficients, y(i,r) is the 
final demand (end user) of sector i of region r and x(i,j,r,r’) is the output of 
sector i of region r acting like an input for sector j of region r’. 
Taking this into account, the environmental equations can be rewritten 
as follows: 
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𝑇𝐼𝑚𝑝 = ∑ ∑ 𝐼𝑚𝑝(𝑖, 𝑟) = ∑ ∑ 𝑋(𝑖, 𝑟)𝑒(𝑖, 𝑟)                    
𝑟𝑖𝑟𝑖
 (6) 
where e(i,r) is the environmental pollution intensity for sector i of region r 
(i.e., impact per monetary unit traded). Finally, TImp is the total 
environmental impact generated by all of the sectors of the economy. 
EEMRIO models are typically used for predicting changes in an 
economy according to changes in the demand of a single or several sectors. 
However, this methodology can be used in turn for the evaluation of the 
effect of introducing greening energy sources in an economy (see section 
4.4. Impact of Shale Gas in [4] for further details). 
1.5.2 Mathematical programming: optimization 
Optimization problems usually consist in maximizing or minimizing an 
objective function in the presence of constraints, which define the search 
space or solution space. In mathematical programming, optimization 
problems are usually expressed as minimizations: 
𝑆𝑂𝑂    min       𝑓(𝑥, 𝑦)  
 𝑠. 𝑡.       ℎ(𝑥, 𝑦) = 0 
 𝑔(𝑥, 𝑦) ≤ 0  
 𝑥 ∈ ℜ; 𝑦 ∈ ℤ  
Optimization problems are composed of an objective function (f(x,y)), a 
set of constraints that can be either inequalities (g(x,y)) or equalities (h(x,y)) 
and the decision variables that can be either continuous (denoted by x) or 
integer (denoted by y). Note that widely-used binary variables are a 
particular case of the more general integer ones. 
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The structure of the objective function and constrains determines the 
type of optimization problem addressed. Linear programming problems (LP) 
have continuous variables and linear equations. Non-linear programming 
problems (NLP) have continuous variables and at least one non-linear 
equation, either in the objective function or in the constraints. Mixed integer 
linear programming problems (MILP) have continuous and integer variables 
and linear equations. Mixed integer non-linear programming problems 
(MINLP) contain continuous and integer variables and one or more non-
linear equations. The models presented in this thesis are MILP (see [2]) and 
LP (expressed as MOO) (see [4]). 
1.5.2.1 Mixed integer-linear programming based on multi-linear 
regression models 
The SLCA methodology proposed in this thesis performs an analysis of 
LCA data of thousands of products in order to construct simplified 
predictive regression models that will estimate the life cycle impact of a 
product from key limited data (see section 2 Problem statement in [2] for 
further details). The task of building these simplified models can be 
expressed in mathematical terms as an MILP model that seeks to find the 
parameters of the predictive model that minimizes the error of the 
approximation (the difference between the values of the metrics obtained 
from a detailed LCA analysis and those predicted by the model) subject to 
some equality and inequality constraints given by the type of regression 
approach followed. The MILP for multiple data regression shows the general 
following form (see section 3 Mathematical formulation in [2] for further 
details of the procedure). 
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𝑀𝐼𝐿𝑃    min       𝑓(𝑥, 𝑦)  
 𝑠. 𝑡.       ℎ(𝑥, 𝑦) = 0 
 𝑔(𝑥, 𝑦) ≤ 0  
 𝑥 ∈ ℜ; 𝑦 ∈ {0,1}  
where y are binary variables that indicate if whether a metric is measured, 
and therefore included in the regression model as predictor, or not; and x are 
continuous variables that represent the parameters of the regression model. 
In addition, the model contains the following equations: 
 Equality and inequality constraints (h(x,y) and g(x,y), respectively) 
are used to model multi-linear regression equations and logic 
constraints: 
 Multi-linear regression equations are based on a given canonical 
formalism that express the impact values as a multi-linear 
function of some LCIA metrics. 
 Logic constraints impose conditions on the number and nature 
of metrics selected. In the context of our problem, binary 
variables model the decision of whether an LCIA metric is 
included in the regression model (and used as predictor) or not. 
Limits on the total number (and type) of metrics to be used in 
the regression models are imposed using algebraic constraints 
containing binary variables. 
 The value of the objective function f(x,y) is the number to minimize. 
In this case it corresponds to the approximation error, which is the 
difference between the values of the metrics obtained from a 
detailed LCA analysis and those predicted by the model. 
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1.5.2.2 Multi-objective optimization 
The optimization problem exposed in section 1.4.1.2 aims to evaluate 
alternative policies considering more than one criterion (i.e., environmental 
and economic). To this end, a multi-objective optimization (MOO) model is 
developed. 
𝑀𝑂𝑂    min        𝐹 = {𝑓1, … , 𝑓𝑁}  
 𝑠. 𝑡.       ℎ(𝑥) = 0 
 𝑔(𝑥) ≤ 0  
 𝑥 ∈ ℜ  
The solution to a MOO problem is not a single point, but rather a set of 
Pareto solutions that represents the optimal trade-off between the conflicting 
objectives considered in the analysis. A solution is said to be Pareto optimal 
when it cannot be improved simultaneously in all the objectives without 
necessarily worsening at least one of them. Therefore, all the Pareto 
solutions are considered to be equally optimal (see [48] for further 
information). 
Fig. 3 illustrates de concept of Pareto optimality for the optimization of 
two objectives (i.e., OF1 and OF2). In this case, OF1 is minimized while 
OF2 is maximized. The grey curve is the Pareto front and the points in this 
curve (i.e., green dots) are optimal solutions. The region above the curve is 
infeasible, since no real alternative can improve one objective, either OF1 or 
OF2, without worsening the other objective. Points below the curve (i.e., 
orange dots) are sub-optimal, since they can be improved in both criteria by 
the points lying in the Pareto front. Several methods exist for obtaining 
Pareto optimal solutions in MOO problems.The epsilon constraint (EC, see 
section 1.5.2.3) method has been used in this thesis to solve the MOO 
problem. 
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Fig. 3. Example of a bi-criteria Pareto optimal frontier for two 
conflictive objectives. 
1.5.2.3 Epsilon constraint 
The epsilon constraint method (EC) is an algorithm widely used to 
solve MOO problems. This method tackles MOO problems by solving a 
series of single objective sub-problems where all the objective but one are 
transferred to auxiliary constraints that impose bounds on them [49]. 
𝐸𝐶    min            𝑓1   
 𝑠. 𝑡.           𝑓𝑛 ≤ 𝜀𝑛
𝑚              𝑛 = 2, … , 𝑁             𝑚 = 1, … , 𝑀 
 ℎ(𝑥) = 0  
 𝑔(𝑥) ≤ 0  
 𝑥 ∈ ℜ  
The epsilon parameters (𝜀𝑛
𝑚) are obtained by optimizing every single 
objective individually, storing the best and worst values of each objective in 
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their optimization and then splitting this interval into a set of subintervals 
(see section 3.5 Solution method in [4] for further details of the procedure). 
1.5.3 Cross validation 
Cross-validation is a model evaluation method for assessing how 
accurate a predictive model is. Fig. 4 illustrates de cross-validation 
procedure. In a prediction model, the data are split into two subsets: (1) 
training set, which are the known data with which the prediction model is 
build and (2) validation set, which are the unknown data on which the model 
is tested. This method tests the model obtained from the training set using 
the validation set and gives insight on the model performance in an 
independent dataset [50]. 
 
Fig. 4. Cross-validation procedure. In this example, the independent 
variables are those features used for make the predictions and the dependent 
variable is the feature to predict. 
Generate the 
prediction model
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predicted
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There are three types of cross validation [51]: 
 The holdout method, which is the simplest type of cross-validation, 
is based on splitting the data into two exclusive subsets. The first 
one (i.e., training set) is used to build the model and the second one 
(i.e., validation set) is used to test the model. This kind of cross-
validation requires very low computational time, but it highly 
depends on the choice of training and validation sets. 
 k-fold cross-validation is a type of validation that improves the 
holdout method. In this case the data are split into k subsets and the 
holdout method is repeated k times. Each of these times, k-1 subsets 
are used as training set and the remaining subset is used as 
validation set. The advantage of this method over the holdout 
method is that all observations are used in both training and 
validation sets and each observation is used exactly once in the 
validation. 
 Leave-one-out cross-validation is the extreme form of k-fold cross-
validation being k equal to r, where r is the number of observations. 
This type of validation builds the model r different times using all 
the data but one point, and tests it with that point. This method has 
the lowest variance in the evaluation, yet the computational time 
associated is very high. 
In this thesis, the k-fold cross-validation is used because it guarantees 
that each data point is used exactly once as validation data and the required 
computational time is significantly lower than that of the leave-one-out 
cross-validation. 
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1.6 General conclusions 
This doctoral thesis focuses on the development of systematic methods 
for the assessment and optimization of life cycle environmental impacts 
from a sustainable perspective at an engineering and macroeconomic scale. 
The results obtained from the accomplishment of this work have provided a 
set of conclusions that are listed below: 
 A systematic method based on multivariate statistical analysis for 
the assessment of the relationships between LCIA metrics has been 
presented using data from 4087 processes related to human 
activities (see section 4. Conclusions [1] in for further details). 
 Numerical results show that LCIA metrics are highly correlated and 
that the level of this correlation is larger in homogeneous data sets. 
Understanding how impacts are generated help us to develop SLCA 
methods. (see section 3. Results in [1] for further details). 
 A systematic approach to simplify LCA studies based on multi-
linear regression models and mixed-integer linear programming has 
been devised. This methodology automatically builds multi-linear 
regression models that predict, with high accuracy, the impact value 
in different categories from a set of key proxy impact metrics (see 
section 5. Conclusions in [2] for further details). 
 The streamlined LCA method developed in this thesis proves that 
few LCIA metrics suffice to describe the environmental 
performance with accuracy. Our approach could lead to significant 
saving in time and resources in data collection (see section 4.2. 
Numerical results in [2] for further details). 
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 The combination of EEMRIO models with statistical analysis 
reveals that environmental indicators are highly correlated and that 
most of the wealthiest nations display similar environmental impact 
patterns. These findings can be used to develop simpler 
environmental policies (see section 3. Results and discussion in [3] 
for further details). 
 A systematic method that combines multi-objective optimization 
and EEMRIO models within a single unified framework has been 
developed for optimizing global economies. This methodology 
identifies economic changes leading to significant environmental 
improvements with little impact on the economy (see section 4.3. 
Multi-objective optimization in [4] for further details). 
 This approach takes into account the life cycle impact of the 
products, so it leads to solutions yielding true environmental 
savings at a global scale (see section 4.2. Data analysis in [4] for 
further details). 
 This approach shows that improving the environmental efficiency 
of an economic sector (i.e. electricity production) by including 
cleaner energy sources (i.e. shale gas) leads to significant 
environmental savings without modifying the economic structure of 
a region (see section 4.4 Impact of shale gas in [4] for further 
details). 
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1.7 Future work 
We present a set of potential research lines to be addressed in future 
work on this domain: 
 A sustainable approach might include social concerns in the 
assessment. Therefore, social indicators should be considered in the 
identification of more sustainable impact patterns. 
 The SLCA method proposed in this thesis uses key LCIA metrics to 
predict others. Future work could consider the use of elementary 
mass and energy flow data to make those predictions. 
 The approximation error was used to evaluate the quality of the 
SLCA models. Information theory metrics such as the Akaike and 
Bayesian information criteria could be used instead to minimize 
simultaneously the error of the approximation and the level of 
complexity of the model. 
 Nonlinear models for data regression could be developed to predict 
LCIA metrics in order to obtain SLCA methods with higher 
accuracy. 
 In this thesis EEMRIO models were combined with MOO to 
decrease the CO2 emissions at a global scale by performing changes 
in the US economy. This approach could be easily extended to deal 
with other economic regions and environmental impacts. 
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1.8 Nomenclature 
1.8.1 Acronyms 
CED Cumulative energy demand 
CML 2001 Impact-oriented characterization 
EC Epsilon constraint  
EEIO Environmentally extended input-output 
EEMRIO Environmentally extended multi-regional input-output 
Eco-99 Eco-indicator 99 
GHG Greenhouse gas 
IO Input-output 
LCA Life cycle assessment 
LCIA Life cycle impact assessment 
LP Linear programming 
MILP Mixed-integer linear programming 
MINLP Mixed integer non-linear programming 
MOO Multi-objective optimization 
NLP Non-linear programming 
OF1 Objective function 1 
OF2 Objective function 2 
SLCA Streamlined life cycle assessment 
SOO Single objective optimization 
US United States 
WIOD World input-output database 
1.8.2 Index 
n Objective function 
m Epsilon constraint subinterval 
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1.8.3 Parameters 
𝜀𝑛
𝑚 Epsilon parameter for subinterval m on objective n 
F Vector of objective functions 
k Number of substets of the cross validation 
M Total number of epsilon subintervals 
N Total number of objectives 
r Number of observations 
1.8.4 Variables 
fn Individual objective function 
x Generic continuous variable 
y Generic integer variable 
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Abstract 
A wide range of impact assessment methodologies are available for 
quantifying the life cycle environmental impact of anthropogenic activities. 
The calculation of these metrics requires typically large amounts of data that 
are hard to collect in practice. To shed light on the extent to which these 
input data can be reduced (while yet obtaining accurate impact assessment 
values), this work applies a multivariate statistical analysis to the ecoinvent 
database. Numerical results show that many life cycle impact assessment 
(LCIA) metrics are highly correlated, but despite this high level of 
correlation no single indicator is capable of predicting the others with 
accuracy via univariate linear regression. Our findings open new avenues for 
the development of advanced streamlined LCIA methods based on multiple 
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data regression that could exploit this high level of correlation and 
potentially lead to significant savings in time and resources associated with 
LCA studies. 
Keywords: Multivariate statistical analysis; Environmental metrics 
relationship; Life Cycle Assessment; Streamlined LCA. 
2.1 Introduction 
The calculation of life cycle impact assessment (LCIA) metrics requires 
large amounts of data that are hard to collect in practice. This represents a 
major obstacle towards the widespread adoption of LCA in industry and 
academia. 
Streamlined LCIA methods (Hunt et al., 1998; Marwah et al., 2011; 
Sundaravaradan et al., 2011) were proposed originally to simplify the LCA 
calculations by following 9 different approaches that can be roughly 
classified into three main groups: (i) those based on removing upstream 
and/or downstream components from the analysis; (ii) those based on using 
qualitative or less accurate data, surrogate data or “showstoppers”; and (iii) 
those based on using specific information to represent impacts or life cycle 
inventory entries. In essence, the first group restricts the scope of the 
analysis by making the boundaries for the LCA calculations tighter, which 
reduces the LCI data to collect (Graedel, 1998; Todd and Curran, 1999). The 
second uses mainly qualitative information from the process that does not 
rely on true mass balances (as they do not include quantities at each step). 
The last group focuses on determining only a reduced set of proxy indicators 
(which should be easy to quantify) that could ultimately replace a full-scale 
LCIA analysis (Huijbregts et al., 2006). 
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Since the concept of “streamlined LCA” appeared, there have been 
numerous attempts to incorporate it in different industrial sectors, including 
vehicle development (Arena et al., 2013; Moriarty and Honnery, 2008; 
Sundaravaradan et al., 2011), oil refineries and industrial facilities (Weston 
et al., 2011), coal-fired electricity plants (Steinmann et al., 2014), 
pharmaceuticals (Jiménez-González et al., 2013), food processing (Sanjuán 
et al., 2014) and plastic bags and recycled materials (Bala et al., 2010). 
Most of the SLCA methods developed so far belong to the third group 
of approaches. Particularly, a topic that has attracted great attention in this 
field is the definition of a universal proxy indicator that could be used to 
predict a wide range of impacts in other categories (Hanes et al., 2013; Ong 
et al., 1999; Park, Ji-hyung, 2003; Sousa et al., 2000). Using a unique proxy 
impact indicator would simplify LCA studies to a large extent, since only the 
life cycle entries affecting the calculation of the proxy would be required. In 
addition, comparisons between alternative products would become easier, as 
they could be performed on the basis of an analysis of a single category. As 
will be later discussed in detail, this work investigates this topic in great 
detail. In a seminar work, Huijbregts, M.A et al (2006, 2010) correlated 
linearly the cumulative energy demand CED with a set of LCIA metrics, 
working under the assumption that energy consumption is, in general, what 
ultimately drives the impact in many categories. Hanes et al. (2013), 
however, showed that this approach has some limitations. 
A literature review on the topic of LCIA methods reveals that research 
efforts have been devoted primarily towards the definition of novel 
indicators and/or a unique proxy metric. On the contrary, the study of the 
relationships between impact metrics, which are still poorly understood, has 
received much less attention. It is well known in the LCA community that 
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some impacts are highly correlated, mainly because they are ultimately 
caused by similar (or the same) substances. Despite this observation, to the 
best of our knowledge, no rigorous study has been carried out on this topic 
in the open literature. 
With the aim to fill this research gap, this work presents a 
comprehensive statistical study of the extent to which impacts are correlated 
using LCIA data of thousands of products retrieved from the ecoinvent 
database. Numerical results show that most LCIA metrics are 
highlycorrelated (with 60% of thembeing correlatedwith more than 50% of 
the others), with the level of correlation and the most correlated metrics 
varying from one product category to another. It was also found that it is not 
possible to predict the whole range of impacts with accuracy using a single 
LCIA metric. The high level of correlation between metrics, however, opens 
new avenues for the development of advanced multiple regression models 
(not necessarily linear) for simplifying LCIA studies. Our findings enhance 
our understanding on howimpacts are generated, illustrating clearly the need 
to develop general guidelines for streamlined LCIA studies leading to 
significant savings in time and resources. 
2.2 Methods 
2.2.1 Ecoinvent Database 
We use in our calculations environmental data of thousands of products 
that have been retrieved from the ecoinvent database. Note that the quality 
and validity of the data is a key issue in any LCA analysis. In fact, different 
LCA data sources and tools might lead to different results for the same LCA 
analysis (Herrmann and Moltesen, 2015). We are aware of the fact that there 
might be discrepancies between databases, but we do think that these might 
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not have a significant impact on the outcome of our statistical analysis, as 
systematic errors in data collection may cancel out. 
The choice of ecoinvent (Frischknecht and Rebitzer, 2005) as source of 
LCA data for the calculations is motivated by the fact that it is one of the 
most comprehensive international Life Cycle Inventory (LCI) databases. It 
provides relevant, reliable, transparent and accessible information of several 
thousands of LCI datasets in the area of agriculture, energy supply, transport, 
biofuels and biomaterials, bulk and specialty chemicals, construction 
materials, packaging materials, basic and precious metals, metals processing, 
ICT and electronics as well as waste treatment. Ecoinvent covers 4087 
processes related with human activities, which are classified by region, 
economic sector and product type. 
The quality and reliability of all the data present in the ecoinvent 
database are both guaranteed by a peer review process by which data are 
revised by an internal LCA expert before being fed into the database. This 
revision, which affects both, calculated and measured data, involves also the 
assessment of the uncertainty of the data (Swiss Centre For Life Cycle 
Inventories, 2007). 
Our study analyzes the relationships between 32 LCIA metrics 
considering impact data of 4087 products divided into the same 18 
categories covered by ecoinvent (see Table 1). The 32 LCIA metrics are 
calculated using three different methodologies (CED, CML and Eco-
indicator 99) (see Table 2), which are next described in detail. Let us clarify 
that the product categories used in the calculations are the ones defined in 
ecoinvent. Hence, no clustering method has been applied to create a new 
taxonomy of products to perform the statistical analysis. Details on each 
impact assessment methodology covered in the study are provided next. 
UNIVERSITAT ROVIRA I VIRGILI 
DEVELOPMENT OF SYSTEMATIC METHODS FOR THE ASSESSMENT AND OPTIMIZATION OF LIFE CYCLE 
ENVIRONMENTAL IMPACTS. 
Janire Pascual González 
Dipòsit Legal: T 1570-2015
40 
 
Table 1.List of categories in ecoinvent version 2.2. 
Chemicals 
Agricultural means of 
production 
Nuclear 
Waste 
Management 
Electronics Agricultural production 
Metals Oil Photovoltaic 
Natural gas Biomass Construction materials 
Electricity Wood energy Wooden materials 
Transport Hard coal All data 
Table 2. Life cycle impact assessment methods (and its subcategories) 
covered in this work. 
Methodology Subcategories Unit Code 
Cumulative 
energy demand 
(CED) 
renewable energy resources, 
biomass 
MJ-eq CED1 
non-renewable energy 
resources, fossil 
MJ-eq CED2 
non-renewable energy 
resources, nuclear 
MJ-eq CED3 
non-renewable energy 
resources, primary forest 
MJ-eq CED4 
renewable energy resources, 
solar converted 
MJ-eq CED5 
renewable energy resources, 
potential (in barrage water), 
converted 
MJ-eq CED6 
renewable energy resources, 
kinetic (in wind), converted 
MJ-eq CED7 
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Methodology Subcategories Unit Code 
Impact-oriented 
characterization 
(CML 2001) 
acidification potential kg SO2-Eq CML1 
climate change kg CO2-Eq CML2 
eutrophication potential kg NOx-Eq CML3 
freshwater aquatic ecotoxicity kg 1,4-DCB-Eq CML4 
freshwater sediment 
ecotoxicity 
kg 1,4-DCB-Eq CML5 
human toxicity kg 1,4-DCB-Eq CML6 
ionizing radiation DALYs CML7 
land use m2a CML8 
malodours air m3 air CML9 
marine aquatic ecotoxicity kg 1,4-DCB-Eq CML10 
marine sediment ecotoxicity kg 1,4-DCB-Eq CML11 
photochemical oxidation 
(summer smog) 
kg formed ozone CML12 
resources kg antimony-Eq CML13 
stratospheric ozone depletion kg CFC-11-Eq CML14 
terrestrial ecotoxicity kg 1,4-DCB-Eq CML15 
Eco-indicator 
99 (Eco-99) 
ecosystem quality, 
acidification & eutrophication 
ecopoints ECO1 
ecosystem quality, ecotoxicity ecopoints ECO2 
ecosystem quality, land 
occupation 
ecopoints ECO3 
human health, carcinogenics ecopoints ECO4 
human health, climate change ecopoints ECO5 
human health, ionizing 
radiation 
ecopoints ECO6 
human health, ozone layer 
depletion 
ecopoints ECO7 
human health, respiratory 
effects 
ecopoints ECO8 
resources, fossil fuels ecopoints ECO9 
resources, mineral extraction ecopoints ECO10 
2.2.2 Cumulative Energy Demand 
The cumulative energy demand (CED) methodology quantifies the total 
energy use throughout the life cycle of a product/good or a service, including 
the direct as well as indirect uses of energy during the extraction of raw 
materials, manufacturing phase and waste disposal (Boustead and Hancock, 
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1979; Dones et al., 2007; Faist-Emmenegger et al., 2007; Frischknecht et al., 
1998; Jungbluth, 2007). Huijbregts, M.A et al (2006) claimed that this 
metric could be used as proxy indicator to predict a wide variety of impacts 
via univariate linear regression. As will be shown later in the article, our 
numerical results show that linear regression based solely on the CED 
indicator may lead to large approximation errors when predicting some 
LCIA metrics. 
2.2.3 Impact-oriented Characterization 
The impact-oriented characterization (CML 2001) methodology is an 
impact assessment method that restricts the quantitative modelling to the 
early stages of the cause-effect chain. This approach attempts to avoid the 
main uncertainty sources associated with the use of damage assessment 
methods (Guinée et al., 2002). 
2.2.4 Eco-indicator 
The eco-indicator 99 (EI) methodology is an endpoint, top-down 
approach (damage oriented) that evaluates the environmental damages in 
three different categories: human health, ecosystem quality and resources 
depletion (Goedkoop and Spriensma, 2000; Goedkoop et al., 1998). 
2.2.5 Multivariate statistical analysis 
A multivariate statistical analysis is conducted to study the level of 
correlation between the LCIA metrics presented above. All the statistical 
calculations were performed using the XLSTAT software (version 
2013.3.02), a statistical add-in available in Microsoft Excel (Addinsoft, 
2013), along with the R package (version 3.0.1), a widely used software for 
statistical computing (R Core Team, 2013). 
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A preliminary linear correlation analysis is first performed to quantify 
the strength of the correlation between any two variables (each one 
representing a different environmental metric) considering a set of samples 
(recall that each sample/observation corresponds to a different product). The 
calculations are performed for every individual subcategory separately, as 
well as for all of them simultaneously. Outliers are identified and eliminated 
using the robust correlation matrix, which is calculated with the package 
MASS of the R software. Further details on this method can be found in 
Rousseeuw et al. and Venables and Ripley (1999; 2002). 
Pearson correlation coefficients (r) are calculated after eliminating the 
outliers following Eq. 1: 
𝑟 =
∑ (𝑥𝑖 − ?̅?)(𝑦𝑖 − ?̅?)
𝑛
𝑖=1
√∑ (𝑥𝑖 − ?̅?)
𝑛
𝑖=1
2 √∑ (𝑦𝑖 − ?̅?)
𝑛
𝑖=1
2
 
(1) 
where xi and yi are the observed value of the independent and dependent 
variable, respectively, ?̅? and ?̅? are the mean of the independent and 
dependent variable, respectively, and n is the total number of samples left 
after applying the outliers’ methodology. In our case, the dependent and 
independent variables correspond to the LCIA metrics. 
These coefficients range from totally correlated (−1 or 1), to randomly 
distributed (0). The sign of the correlation coefficient (positive or negative), 
defines the direction of the relationship, while the absolute value indicates 
the strength of the correlation (Montgomery and Runger, 2003; Walpole and 
Myers, 2012). 
The Pearson correlation coefficient follows a t-Student distribution with 
n-2 degrees of freedom, where n is the total number of samples left after 
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applying the outliers’ methodology. Hence, the significance of the 
correlation might be assessed by calculating the test statistic t:  
𝑡 = 𝑟√
𝑛 − 2
1 − 𝑟2
 (2) 
The test statistic t is usually converted into t-Student p-values for the 
analysis. We considered that a given correlation is significant if its p-value is 
lower than the level of significance alpha (i.e., alpha equal to 0.001) 
(Montgomery and Runger, 2003; Walpole and Myers, 2012). 
Hence, the outcome of the t-Student statistic test is used to calculate a 
correlation index that quantifies the extent to which a metric correlates with 
the others. This index is defined as the percentage of LCIA metrics that are 
statistically correlated with the one being assessed (i.e., p-value lower than 
level of significance). Hence, the index is mathematically calculated as 
follows: 
𝐼𝑘 =
𝑚𝑘′
𝑚
                                                    ∀𝑘 = 1, … , 𝑚 (3) 
where Ik is the correlation index for LCIA metric k, mk’ is the number of 
LCIA metrics correlated with the metric k (considering a level of 
significance alpha equal to 0.001), and m is the total number of metrics. 
In addition to calculating the Pearson coefficient, we also determine the 
coefficient of variation (CV) for every category and LCIA methodology. 
This metric, which quantifies the dispersion of the data, is defined as the 
ratio between the standard deviation (σ) to the mean (µ) (see Eq. 4). It is 
useful because the standard deviation must always be understood in the 
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context of the mean of the data (Lapin, 1998). Higher CV values (expressed 
as a percentage) indicate a stronger dispersion of the data. 
𝐶𝑉 =
𝜎
𝜇
· 100 (4) 
2.2.6 Linear Regression 
For every pair of impacts, an ordinary least-squares linear regression 
model is constructed to predict one impact from the other one. This analysis 
aims to answer the question of whether a single impact suffice to predict the 
others, if not globally, at least in a particular set of products. These linear 
equations are forced to pass through the origin in order to avoid negative 
impact values. Hence, the equation is as follows: 
𝑦 = 𝑎 · 𝑥 (5) 
where y is the predicted LCIA metric and x is the measured LCIA metric 
(which should be calculated from full LCI data). The least-squares 
calculations provide as output the slope (a) of the regression, the correlation 
coefficient (r) and the relative error RE (Eq. 6). 
𝑅𝐸 =
100 
𝑛
· ∑
|?̂?𝑝 − 𝑦𝑝|
?̂?𝑝
𝑛
𝑝=1
 (6) 
where ?̂?𝑝 denotes the predicted value (generated via univariate linear 
regression) of the LCIA metric for product p and yp represents the real value 
of the metric for the same product (Montgomery and Runger, 2003; Walpole 
and Myers, 2012). 
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Regression models of higher quality will yield lower relative errors (a 
perfect regression model would lead to a zero relative error). The linear 
regression models were constructed with 80% of the observations (i.e., using 
80% of the points as training-set), and performing a cross-validation with the 
remaining 20% (in order to test the robustness of the results). The error 
referred to throughout the paper applies to the error in the cross-validation 
set (do not confuse with the error of the linear regressions in the training set). 
The split of the data was made following a random procedure and avoiding 
concentration of points in one single region (in order to avoid extrapolation, 
the lower and upper bounds of the impact values in the validation set should 
fall within the lower and upper bounds in the training set). 
2.3 Results 
Fig. 1 shows a heat map of the correlation index, where red squares 
denote totally correlated metrics, while white squares represents randomly 
distributed metrics. Every entry of the matrix shows the correlation index of 
an impact metric within a product category. To facilitate the analysis, the 
matrix displays as well the average correlation index of each impact over all 
the categories and of each category over all the impacts. As observed, the 
distribution of correlation indexes over the 18 ecoinvent categories is 
irregular, since many metrics are highly correlated in some categories and 
poorly in others (e.g. human toxicity (CML6) shows correlations indexes 
above 97% in oil and below 3% in chemicals). An in-depth analysis of the 
results reveals that the most correlated methodology is the impact-oriented 
characterization (CML), whose average correlation index considering all its 
impact categories is 71% (highest value of 93% in electronics and lowest of 
42% in electricity, note that these average values are not shown in the 
figure). On the other hand, cumulative energy demand shows the lowest 
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correlation index (average correlation index of 66% and values far from 
100% in most categories). 
The most correlated CED metric is non-renewable energy resources, 
fossil (average correlation index of 80%). The most correlated CML metric 
is resources (average correlation index of 81%), while for the eco-indicator 
99, it is ecotoxicity (average correlation index of 78%). Note, however, that 
the fact that a metric will exhibit a high correlation index and strength of the 
correlation does not guarantee that the error obtained when using the metric 
to estimate the remaining impacts in all the categories via univariate linear 
regression will be low. 
 
Fig. 1. Heat map of the correlation index of the LCIA metrics over the 
18 categories. The column “upper bound” shows the maximum correlation 
index in each product category, the column “average Ik” displays the average 
of the correlation index over all the LCIA metrics, while the row “average 
Ik” shows the average over all the product categories. 
The correlation results can be displayed in the form of cumulative 
probability curves that provide the degree of correlation between LCIA 
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Chemicals 81% 81% 72% 75% 75% 3% 75% 78% 28% 78% 78% 16% 63% 53% 63% 81% 47% 75% 34% 75% 78% 72% 81% 91% 84% 81% 81% 75% 53% 78% 41% 84% 91% 67% 100%
Waste 75% 34% 84% 28% 28% 34% 66% 56% 66% 28% 28% 0% 66% 66% 66% 66% 66% 66% 66% 66% 66% 75% 84% 28% 56% 0% 34% 66% 66% 59% 66% 66% 84% 54%
Metals 97% 84% 97% 75% 75% 50% 69% 94% 81% 75% 75% 66% 84% 84% 91% 81% 84% 69% 50% 66% 88% 66% 97% 44% 97% 38% 84% 69% 84% 97% 84% 44% 97% 76%
Natural gas 66% 97% 97% 66% 66% 66% 97% 84% 66% 72% 72% 97% 97% 66% 81% 97% 97% 91% 75% 97% 75% 72% 78% 97% 69% 84% 97% 97% 69% 69% 97% 72% 97% 82%
Electricity 53% 66% 59% 47% 47% 22% 31% 6% 13% 47% 47% 56% 69% 19% 47% 6% 75% 31% 38% 0% 44% 0% 63% 50% 47% 50% 66% 31% 19% 56% 41% 6% 75% 39% 75%
Transport 66% 66% 56% 66% 69% 47% 19% 38% 44% 81% 81% 59% 66% 66% 72% 47% 66% 19% 72% 22% 9% 22% 56% 63% 75% 50% 66% 19% 66% 59% 66% 25% 81% 53%
Agric_means 88% 81% 66% 88% 81% 88% 88% 22% 72% 88% 81% 81% 84% 44% 75% 6% 81% 84% 72% 81% 88% 75% 69% 75% 6% 84% 81% 88% 47% 72% 81% 72% 88% 71%
Electronics 97% 97% 97% 94% 94% 94% 97% 97% 97% 94% 94% 66% 97% 94% 94% 97% 97% 97% 97% 97% 97% 97% 97% 94% 97% 94% 97% 97% 94% 97% 97% 97% 97% 95%
Oil 97% 97% 97% 94% 94% 97% 94% 94% 34% 97% 97% 94% 94% 91% 91% 94% 94% 94% 94% 94% 94% 94% 97% 97% 94% 94% 97% 94% 91% 97% 94% 94% 97% 93%
Biomass 72% 88% 66% 69% 69% 22% 56% 69% 38% 88% 88% 50% 88% 84% 63% 53% 88% 56% 69% 56% 59% 69% 66% 91% 69% 6% 88% 56% 84% 72% 88% 88% 91% 68% 50%
Wood energy 84% 81% 84% 94% 94% 84% 38% 75% 84% 94% 94% 84% 94% 84% 84% 84% 94% 38% 84% 84% 16% 88% 84% 84% 75% 84% 81% 38% 94% 72% 84% 69% 94% 78%
Hard coal 31% 25% 59% 69% 69% 38% 72% 69% 81% 69% 69% 50% 72% 81% 25% 44% 72% 72% 75% 72% 72% 72% 44% 75% 72% 75% 25% 72% 78% 31% 75% 97% 97% 63%
Nuclear 84% 78% 84% 94% 94% 47% 34% 78% 78% 94% 94% 78% 78% 78% 94% 78% 78% 34% 78% 78% 78% 78% 84% 94% 84% 47% 78% 34% 0% 94% 78% 78% 94% 74%
Agric. prod 72% 94% 56% 56% 56% 88% 72% 56% 81% 88% 88% 97% 97% 84% 56% 34% 97% 72% 59% 78% 72% 88% 56% 97% 53% 56% 94% 72% 88% 81% 97% 97% 97% 76%
Photovoltaic 97% 97% 97% 97% 97% 91% 97% 97% 97% 97% 97% 97% 97% 84% 97% 97% 97% 97% 97% 88% 91% 84% 97% 97% 97% 97% 97% 97% 88% 97% 97% 91% 97% 95% 25%
Constr. mat 81% 53% 75% 81% 81% 84% 50% 13% 78% 84% 84% 22% 75% 72% 22% 9% 75% 50% 9% 66% 50% 81% 75% 63% 69% 75% 53% 50% 72% 69% 72% 50% 84% 61%
Wooden mat 91% 91% 88% 94% 94% 91% 88% 84% 91% 94% 94% 75% 91% 91% 91% 31% 91% 88% 94% 84% 0% 78% 88% 94% 88% 91% 91% 88% 91% 78% 91% 69% 94% 84%
All Data 41% 66% 59% 34% 34% 69% 19% 6% 13% 38% 38% 47% 50% 34% 56% 3% 47% 22% 31% 25% 0% 34% 66% 72% 47% 53% 66% 19% 25% 47% 38% 34% 72% 38%
Average Ik 76% 76% 77% 73% 73% 62% 64% 62% 63% 78% 78% 63% 81% 71% 70% 56% 80% 64% 66% 68% 60% 69% 77% 78% 71% 64% 76% 64% 67% 74% 77% 68% 90% 70% 0%
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metrics for every product category. These curves display in the x axis the 
correlation index and in the y axis the percentage of metrics with a 
correlation index lower or equal than the one shown in the x axis (i.e., 
percentile of impacts with an index lower or equal to that shown in the x 
axis). Hence, a vertical line in the rightmost side of the figure would 
represent a category fully correlated (in which all the impacts would be 
linearly correlated with the rest). A vertical line in the leftmost side of the 
figure would represent the opposite situation, that is, a category containing 
no single pair of correlated impacts (see Fig. A1). Following this reasoning, 
curves closer to the right hand side of the figure are more correlated than 
those lying on the left hand side. 
Fig. 2 shows the cumulative probability curve of each category. Recall 
that each category contains a given set of products that have been grouped 
together by the developers of ecoinvent (following some general standards). 
An upper bound curve is provided as well for comparative purposes (this 
curve corresponds to the column "upper bound" in the correlation index 
matrix). This upper bound curve, which is ideal (i.e., does not reflect any 
product category), is constructed by taking, for each cumulative percentage, 
the largest correlation index of each impact among all the categories. For 
clarity, a split version of Fig. 2 is provided in the appendix (see Figs. A2-4). 
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Fig. 2. Cumulative curves of the correlation index. Each line represents 
one category. The intersecting points between the vertical line and the 
cumulative curves indicate the percentage of impacts with a correlation 
index below 50%.  
As observed, the LCIA metrics are highly correlated, since in almost all 
of the categories, more than 60% of the impacts are correlated with more 
than 50% of the other metrics. The intersection between the vertical line and 
the cumulative curves represents the percentage of metrics with a correlation 
index lower or equal than 50% (black line in Fig. 2). As an example, 3% of 
the impacts in the subcategory agriculture production (dark blue line in Fig. 
2), show a correlation index lower or equal to 50%. Hence, 97% of the 
impacts show correlations indexes above 50%.  
As observed in Fig. 2, higher correlation indexes are obtained by 
analyzing the data by categories instead of all together, since all the 
categories show a better cumulative curve than the All Data curve (blue line) 
(except for the category electricity). 
0 10 20 30 40 50 60 70 80 90 100
0
10
20
30
40
50
60
70
80
90
100
 (Correlation index representing the percentage of metrics with 
                        which an impact correlates statistically)                             
%
 o
f 
m
e
tr
ic
s
 w
it
h
 a
n
 i
n
d
e
x
 l
o
w
e
r 
o
r 
e
q
u
a
l 
th
a
n
  
 
 
 
Chemicals
Waste
Metals
Nat gas
Electricity
Transport
Agric means
Electronics
Oil
Biomass
Wood energy
Hard coal
Nuclear
Agric prod
Photovoltaic
Constr mat
Wooden mat
All Data
Upper Bound
Ik=50%
UNIVERSITAT ROVIRA I VIRGILI 
DEVELOPMENT OF SYSTEMATIC METHODS FOR THE ASSESSMENT AND OPTIMIZATION OF LIFE CYCLE 
ENVIRONMENTAL IMPACTS. 
Janire Pascual González 
Dipòsit Legal: T 1570-2015
50 
 
The most correlated categories are electronics and photovoltaics (32 
metrics correlated with more than 50% of the impacts), followed closely by 
oil (31 metrics correlated with more than 50% of the impacts). By contrast, 
the category electricity is the less correlated one, yielding a curve very close 
to the one associated to all the data together (with 28% of the LCIA metrics 
correlating with more than 50% of the remaining impacts). In general, it is 
observed that the most correlated categories contain more homogeneous 
data, as it is the case for industrial technologies available to provide oil, 
electronics components and photovoltaic energy. The electricity category, on 
the contrary, is more heterogeneous due to the existence of a wide range of 
industrial technologies for electricity generation. 
Fig. 3 shows in the x axis the ecoinvent categories, and in the y axis the 
average correlation index and the coefficient of variation. As observed, 
categories that are more correlated show lower coefficients of variation (i.e., 
are more homogeneous). For instance, the category electronics (with an 
average correlation index of 95%) has a coefficient of variation of 6%. In 
contrast, the category electricity, which is the less correlated category 
(average correlation index of 39%), has a coefficient of variation of 55%. 
Note that in homogeneous samples, it might be easier to identify proxy 
LCIA metrics yielding good approximation errors (Hanes et al., 2013). 
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Fig. 3. Correlation index and coefficient of variation for the ecoinvent 
categories. 
Fig. 4 shows a heat map of the Pearson correlation coefficient, where 
red squares denote totally correlated metrics, while white squares represent 
randomly distributed metrics. Every entry of the matrix shows the average 
Pearson coefficient of an impact metric within a product category. Similarly, 
as with the previous case, we add one column and one row representing the 
average Pearson in the categories and impacts, respectively. As observed, the 
strength of the correlation increases when the impacts are analyzed by 
categories instead of all together. If we analyze the relationship between the 
correlation index and the Pearson coefficient for each impact and category, 
results show that the strength of the correlation grows with the correlation 
index .In other words, the impacts that are more correlated are also the ones 
showing larger correlation indexes. 
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Fig. 4. Heat map of the Pearson correlation coefficient of the LCIA 
metrics over the 18 categories. The column “average r” displays the average 
of the correlation index over all the LCIA metrics, while the row “average r” 
shows the average over all the product categories. 
Table 3 displays the most correlated metric within each category and 
the average Pearson correlation coefficient for each of them. As observed, 
there is no single proxy metric that prevails over the rest (i.e., no single 
metric behaving better than the others in all the categories simultaneously), 
on the contrary, the most correlated metric in each category changes. For 
instance, the ecotoxicity metric of the eco-indicator 99 is the most correlated 
metric in four categories (chemicals, biomass, agricultural production and all 
data). However, in other categories like waste management or metals is one 
of the less correlated metrics. This might be attributed to the different nature 
and features of the products under study (i.e., different sources of impact, 
emissions, etc.). 
As observed, LCIA metrics related to climate change are the most 
correlated in products categories related to energy (i.e., gas natural, 
electricity and photovoltaic). On the other hand, in products in which the life 
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Chemicals 0.60 0.64 0.53 0.70 0.70 0.24 0.66 0.71 0.34 0.72 0.72 0.32 0.51 0.44 0.51 0.71 0.47 0.68 0.35 0.66 0.70 0.65 0.61 0.70 0.52 0.71 0.64 0.66 0.41 0.63 0.39 0.67 0.72 0.58 1.00
Waste 0.66 0.30 0.59 0.31 0.31 0.32 0.63 0.53 0.49 0.31 0.31 0.10 0.62 0.64 0.61 0.66 0.62 0.63 0.60 0.65 0.61 0.60 0.60 0.29 0.51 0.11 0.30 0.63 0.61 0.57 0.61 0.67 0.67 0.50
Metals 0.76 0.73 0.79 0.58 0.61 0.46 0.67 0.74 0.72 0.59 0.61 0.51 0.73 0.74 0.60 0.70 0.73 0.67 0.43 0.65 0.67 0.65 0.79 0.45 0.67 0.33 0.73 0.67 0.74 0.76 0.74 0.40 0.79 0.64
Natural gas 0.55 0.81 0.69 0.56 0.56 0.55 0.68 0.76 0.58 0.64 0.65 0.78 0.81 0.58 0.74 0.79 0.81 0.71 0.70 0.71 0.69 0.62 0.70 0.78 0.62 0.71 0.81 0.68 0.59 0.61 0.81 0.63 0.81 0.68
Electricity 0.46 0.55 0.50 0.43 0.43 0.33 0.33 0.22 0.30 0.44 0.44 0.51 0.55 0.34 0.43 0.21 0.55 0.32 0.37 0.15 0.36 0.21 0.49 0.43 0.38 0.42 0.55 0.33 0.36 0.45 0.35 0.13 0.55 0.39 0.75
Transport 0.62 0.63 0.58 0.56 0.56 0.39 0.25 0.34 0.36 0.67 0.67 0.57 0.64 0.63 0.66 0.48 0.63 0.26 0.65 0.26 0.18 0.32 0.59 0.53 0.65 0.51 0.63 0.25 0.63 0.59 0.63 0.28 0.67 0.51
Agric_means 0.66 0.72 0.52 0.74 0.74 0.66 0.73 0.26 0.58 0.75 0.75 0.66 0.75 0.42 0.56 0.23 0.74 0.72 0.45 0.70 0.75 0.63 0.58 0.56 0.25 0.67 0.72 0.73 0.43 0.62 0.72 0.57 0.75 0.61
Electronics 0.94 0.94 0.94 0.88 0.89 0.85 0.92 0.91 0.93 0.89 0.90 0.45 0.94 0.93 0.92 0.93 0.94 0.92 0.86 0.92 0.94 0.92 0.94 0.94 0.88 0.85 0.94 0.92 0.92 0.95 0.94 0.84 0.95 0.90
Oil 0.79 0.77 0.81 0.88 0.88 0.87 0.87 0.83 0.31 0.84 0.84 0.85 0.85 0.77 0.58 0.86 0.85 0.86 0.86 0.87 0.86 0.86 0.83 0.67 0.82 0.87 0.76 0.87 0.77 0.85 0.85 0.86 0.88 0.81
Biomass 0.58 0.70 0.53 0.57 0.58 0.34 0.57 0.56 0.33 0.69 0.69 0.50 0.69 0.67 0.52 0.44 0.68 0.57 0.51 0.58 0.58 0.65 0.54 0.66 0.58 0.17 0.72 0.57 0.67 0.61 0.67 0.69 0.72 0.58 0.50
Wood energy 0.81 0.72 0.79 0.81 0.82 0.81 0.48 0.59 0.80 0.83 0.83 0.81 0.81 0.77 0.80 0.79 0.80 0.49 0.82 0.59 0.36 0.69 0.79 0.80 0.60 0.79 0.71 0.48 0.81 0.56 0.78 0.50 0.83 0.71
Hard coal 0.33 0.32 0.50 0.54 0.54 0.38 0.60 0.52 0.69 0.54 0.54 0.52 0.61 0.62 0.31 0.48 0.61 0.60 0.60 0.59 0.63 0.58 0.46 0.57 0.65 0.59 0.30 0.60 0.60 0.36 0.67 0.60 0.69 0.53
Nuclear 0.79 0.76 0.80 0.71 0.70 0.52 0.40 0.71 0.73 0.70 0.69 0.74 0.76 0.73 0.76 0.70 0.76 0.40 0.71 0.71 0.71 0.72 0.80 0.75 0.75 0.54 0.76 0.40 0.16 0.75 0.77 0.72 0.80 0.67
Agric. prod 0.50 0.71 0.46 0.49 0.49 0.68 0.59 0.46 0.60 0.75 0.75 0.76 0.75 0.70 0.44 0.37 0.75 0.59 0.55 0.63 0.60 0.74 0.48 0.76 0.46 0.39 0.71 0.59 0.72 0.63 0.74 0.76 0.76 0.61
Photovoltaic 0.85 0.91 0.90 0.88 0.87 0.78 0.85 0.87 0.79 0.88 0.88 0.89 0.90 0.68 0.88 0.84 0.91 0.85 0.75 0.61 0.79 0.57 0.90 0.90 0.90 0.87 0.91 0.85 0.72 0.89 0.87 0.78 0.91 0.83 0.25
Constr. mat 0.59 0.46 0.60 0.68 0.68 0.69 0.44 0.29 0.60 0.67 0.67 0.36 0.66 0.61 0.34 0.29 0.66 0.45 0.24 0.55 0.45 0.64 0.61 0.58 0.50 0.59 0.46 0.44 0.61 0.53 0.64 0.49 0.69 0.53
Wooden mat 0.79 0.77 0.75 0.74 0.74 0.76 0.63 0.65 0.74 0.78 0.78 0.69 0.79 0.78 0.82 0.38 0.78 0.63 0.80 0.62 0.14 0.58 0.76 0.79 0.60 0.77 0.78 0.63 0.77 0.71 0.77 0.48 0.82 0.69
All Data 0.39 0.50 0.46 0.40 0.40 0.49 0.34 0.23 0.29 0.42 0.43 0.39 0.46 0.36 0.46 0.09 0.44 0.36 0.35 0.36 0.14 0.37 0.49 0.52 0.40 0.47 0.50 0.34 0.32 0.46 0.38 0.40 0.52 0.39
Avereage r 0.65 0.66 0.65 0.64 0.64 0.56 0.59 0.57 0.57 0.67 0.67 0.58 0.71 0.63 0.61 0.55 0.71 0.59 0.59 0.60 0.56 0.61 0.66 0.65 0.60 0.58 0.66 0.59 0.60 0.64 0.68 0.58 0.72 0.62 0.00
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cycle stage of raw materials extraction (i.e., chemicals, nuclear, metals and 
hard coal) and/or alter the soil during their normal activity (i.e., agricultural, 
waste management and biomass), the more correlated metrics are those 
related to ecosystems quality, like ecotoxicity or eutrophication. 
Note that Table 3 shows only the most correlated LCIA metric in each 
category, yet in some categories other metrics may show very similar 
correlation indexes (see Fig. 1). 
Some previous studies suggested that CED may be used as a predictor 
for the environmental burden of commodity production (Huijbregts et al., 
2006, 2010). Remarkably, this indicator does not appear among the most 
correlated ones in Table 3. In fact, it is the less correlated indicator (average 
correlation index among all the categories of 66%). Furthermore, the CED 
metrics show the largest dispersion coefficients (average coefficient of 
dispersion of the CED metrics of 42%). This implies that the same metric 
might be highly correlated in one category and poorly in another one. 
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Table 3. Most correlated metric and correlation index and average 
Pearson correlation coefficient of the most correlated metric within each 
category. 
Category 
Most correlated LCIA 
metric 
Correlation 
index of the 
most 
correlated 
metric in the 
category 
Average Pearson 
correlation 
coefficient of the 
most correlated 
metric in the 
category 
Chemicals Eco99: Ecotoxicity 91% 0.703 
Waste 
Management 
Eco99: Acidification & 
eutrophication 
84% 0.600 
Metals 
CML:Eutrophication 
potential 
97% 0.794 
Natural gas Eco99:Climate change 97% 0.810 
Electricity 
CED:Non-renewable 
energy resources, fossil 
97% 0.551 
Transport 
CML:Marine sediment 
ecotoxicity 
81% 0.672 
Agricultural 
means of 
production 
CML:Marine aquatic 
ecotoxicity 
88% 0.753 
Electronics CML:Resources 97% 0.945 
Oil CML:Human toxicity 97% 0.872 
Biomass Eco99:Ecotoxicity 91% 0.658 
Wood energy 
CML:Marine sediment 
ecotoxicity 
94% 0.832 
Hard coal 
Eco99:Mineral 
extraction 
97% 0.600 
Nuclear 
CML:Terrestrialecotoxi
city 
94% 0.762 
Agricultural 
production 
Eco99:Ecotoxicity 97% 0.760 
Photovoltaic CML:Climate change 97% 0.908 
Construction 
materials 
CML:Human toxicity 91% 0.691 
Wooden 
materials 
CED:Non-renewable 
energy resources, 
primary forest 
94% 0.803 
All data Eco99:Ecotoxicity 72% 0.523 
UNIVERSITAT ROVIRA I VIRGILI 
DEVELOPMENT OF SYSTEMATIC METHODS FOR THE ASSESSMENT AND OPTIMIZATION OF LIFE CYCLE 
ENVIRONMENTAL IMPACTS. 
Janire Pascual González 
Dipòsit Legal: T 1570-2015
55 
 
We next address the issue of whether it is possible to use a single proxy 
LCIA indicator for predicting the remaining metrics precisely using linear 
models. To this end, we construct, for each LCIA metric, a set of linear 
models (one regression model for correlating the metric under study with 
each of the remaining metrics) that predict a given impact from the former 
one. The median relative error of the predictions (see Table 4) is calculated 
assuming a linear relationship between the two LCIA metrics. We used the 
median error instead of the mean error to deal with the skewness of the 
relative error distribution. Recall that the data are split into two sets: the 
training set, which contains 80% of the points, and the validation set, which 
contains the remaining 20%. 
Results show that there are only two categories (photovoltaic and oil) in 
which accurate estimations (i.e., with a median error of the cross-validation 
set of 5% and 23%, respectively) can be obtained using linear regressions of 
one single metric. In the best predictions that could be made in the remaining 
categories (using the metric yielding the lowest error) the median relative 
error of the cross-validation set lies between 33 and 82%. This is a very high 
value that makes univariate linear regression inappropriate for streamlined 
LCIA studies in those categories. Note that the metric leading to the 
minimum approximation error via linear regression might not be the one 
showing the largest correlation index. 
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Table 4. Median, minimum relative error and average coefficient of 
variation for each category. 
Category 
Median 
RE (%) 
Minimum 
RE (%) 
Metric with the 
minimum RE (%) 
Average 
coefficient of 
variation (%) 
Chemicals 46 30 
CML: marine 
sediment ecotoxicity 
32 
Waste 
Management 
85 54 CED: biomass 41 
Metals 65 46 
ECO: acidification & 
eutrophication 
22 
Natural gas 59 42 CML: resources 16 
Electricity 52 37 CED: primary forest 55 
Transport 59 37 CED: primary forest 39 
Agricultural 
means of 
production 
51 28 
CML: marine 
aquatic ecotoxicity 
31 
Electronics 50 34 
CML: acidification 
potential 
6 
Oil 23 17 
CED: kinetic (in 
wind), converted 
12 
Biomass 67 55 
CED: kinetic (in 
wind), converted 
29 
Wood 
energy 
33 21 CED: biomass 24 
Hard coal 42 29 CML: malodours air 31 
Nuclear 33 20 
CML: eutrophication 
potential 
30 
Agricultural 
production 
46 27 
ECO: ozone layer 
depletion 
23 
Photovoltaic 5 3 
ECO: respiratory 
effects 
4 
Construction 
materials 
62 54 CML: resources 38 
Wooden 
materials 
68 48 
ECO: mineral 
extraction 
23 
All data 82 68 
CML: acidification 
potential 
50 
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Table 5. Median and minimum relative error and average coefficient of 
variation for each LCIA metric. 
LCIA metric 
Median RE 
(%) 
Minimum RE 
(%)a 
Average coefficient 
of variation (%) 
CML1 53 4 25 
CML2 51 4 28 
CML3 58 3 21 
CML4 60 4 29 
CML5 59 4 29 
CML6 67 9 48 
CML7 64 13 42 
CML8 62 5 51 
CML9 61 4 44 
CML10 56 4 27 
CML11 54 4 26 
CML12 54 5 46 
CML13 45 4 18 
CML14 54 5 30 
CML15 60 5 32 
CED1 64 4 62 
CED2 46 4 20 
CED3 60 12 41 
CED4 63 9 38 
CED5 61 15 40 
CED6 61 6 55 
CED7 55 11 37 
ECO1 56 4 21 
ECO2 53 6 27 
ECO3 53 5 33 
ECO4 60 5 45 
ECO5 51 4 28 
ECO6 62 13 42 
ECO7 55 4 42 
ECO8 52 3 25 
ECO9 49 5 26 
ECO10 64 8 39 
aThe minimum relative error belongs to the photovoltaic category in all the 
LCIA metrics. 
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Analyzing the LCIA metrics instead of the categories (see Table 5), we 
find that all the metrics display a median relative error over 45% over all the 
product categories. This relative error is too high for any LCIA metric to be 
used as universal proxy indicator. These results are consistent with the work 
by Hanes et al (2013), which found that LCIA metrics are poor predictors 
when the data analyzed is not homogeneous. Regarding the methodologies, 
the three of them show similar median relative errors (CML-2001 = 58%, 
CED=61% and ECO-99= 54%), being cumulative energy demand the worst. 
Note that the big differences in the orders of magnitude of the impacts 
lead to large relative errors in the predictions (over 40%), even when the 
correlation coefficients are high. For instance, in the electronics category, 
which shows the largest average Pearson correlation coefficient value, the 
relative errors for every single impact are quite large (over 34%). As an 
example, Fig. 5 shows the scatter plot of the prediction of ozone layer 
depletion as a function of fossil fuel. The regression coefficient is close to 
one (R2=0.9708), but the median relative error is above 50%. If we enlarge 
the linear regression plot (Fig. 6), focussing on the points close to the origin 
(0,0), we understand why this happens. There, we observe that points close 
to the origin have the same tendency as the others, yet their relative errors 
are high because their magnitudes are small in comparison with the points 
lying on the right hand side of the plot. This can be understood (arguably) as 
a limitation of the linear regression, which is unable to predict accurately 
over the entire domain. 
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Fig. 5. Linear regression plots, based on 99industrial processes, for 
impacts fossil fuel and ozone layer depletion. 
 
Fig. 6. Linear regression plots of the observations close to the origin, 
for impacts fossil fuel and ozone layer depletion. 
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2.4 Conclusions 
This paper studied the relationships between LCIA metrics (as applied 
to the environmental assessment of products) using data retrieved from the 
ecoinvent database. We analyzed 4087 processes related to human activities 
that are grouped into 18 categories and whose environmental performance 
was quantified according to 32 different LCIA metrics. 
Our results show that there is a strong correlation between the analyzed 
LCIA metrics, with more than 60% of them being correlated with more than 
50% of the rest within each product category. The intensity of the correlation 
increases with the correlation index, so in general those metrics that correlate 
with a higher number of impacts show larger Pearson coefficients in the 
correlations. 
Furthermore, higher correlation indexes and intensities are obtained 
when the data are analyzed in each isolated subcategory rather than as a 
whole. The most correlated categories show lower coefficients of variation, 
indicating that LCIA metrics tend to be more correlated in more 
homogeneous products datasets. In addition, the most correlated metric 
differs from one category to another and it happens that some LCIA metrics 
correlate with a large number of impacts in one category and with very few 
in others. 
The analysis of the errors obtained through the application of univariate 
linear predictions shows that it is not possible to make accurate predictions 
of impact using a single LCIA indicator. Our results thus suggest the need to 
use more sophisticated regression models for making predictions, either 
based on nonlinear relationships between metrics or on multivariate 
approaches accounting for more than one LCIA metric in the calculations. 
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We do not claim that we should analyze only a reduced set of impacts 
when assessing the environmental performance of a process. Each damage 
category provides valuable information that covers a wide spectrum of 
environmental aspects. Our results, however, show that the high level of 
correlation between impact metrics makes it possible to develop streamlined 
LCIA methods that will focus on quantifying a reduced number of damage 
categories and estimating the rest from them. Future work will therefore 
focus on devising advanced multivariate regression models of this type. A 
comparison between different databases (i.e., gabi, simapro) would also be a 
potential area of improvement, including an uncertainty analysis of the data 
using stochastic modelling. With regard to this last point, it should be 
mentioned that there is little information available in ecoinvent on the 
characterization of the uncertain parameters affecting the LCA calculations 
(i.e., only uncertainties affecting a few products are fully described, typically 
through lognormal distributions). With this information at hand, it would be 
possible to apply a sampling method and generate representative samples of 
the impact values of each product, and then conduct the statistical analysis 
for all these samples rather than for the nominal values. 
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2.6 Nomenclature 
Acronyms 
CED Cumulative energy demand 
CML 2001 Impact-oriented characterization 
EI Eco-indicator 99 
LCI Life Cycle Inventory 
LCIA Life Cycle Impact Assessment 
Index 
k LCIA metric 
Parameters 
m Total number of metrics  
mk’ Number of LCIA metrics correlated with the metric k 
n Number of samples left after applying the outliers’ methodology 
x Measured LCIA metric 
yp Real value of the metric for process p 
Variables 
a Slope of the linear regression 
CV Coefficient of variation 
Ik Correlation index 
r Correlation coefficient of the linear regression 
RE Relative error of the prediction 
y Predicted LCIA metric 
?̂?𝑝  Predicted LCIA metric for process p  
µ Mean of the data set 
σ Standard deviation of the data set 
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2.8 Appendix 
 
Fig. A.1 Totally correlated (green line) and totally uncorrelated (red 
line) correlation index’s cumulative curves. 
 
Fig. A.2. Cumulative curves of the correlation index for categories 
related to energy. Each line represents one category. The intersecting points 
between the vertical line and the cumulative curves indicate the percentage 
of impacts with a correlation index below 50%.  
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Fig. A.3. Cumulative curves of the correlation index for categories 
related to wood and agriculture. Each line represents one category. The 
intersecting points between the vertical line and the cumulative curves 
indicate the percentage of impacts with a correlation index below 50%. 
 
Fig. A.4. Cumulative curves of the correlation index for the other 
categories. Each line represents one category. The intersecting points 
between the vertical line and the cumulative curves indicate the percentage 
of impacts with a correlation index below 50%.  
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Abstract 
Life cycle assessment (LCA) has become the prevalent approach for 
quantifying the environmental impact of products over their entire life cycle. 
Unfortunately, LCA studies require large amounts of data that are difficult to 
collect in practice, which makes them expensive and time consuming. This 
work introduces a method that simplifies standard LCA by using proxy 
metrics that are identified following a systematic approach. Our method, 
which combines multi-linear regression and mixed-integer linear 
programming, builds in an automatic manner simplified multi-linear 
regression models of impact that predict (with high accuracy) the damage in 
different environmental categories from a reduced number of proxy metrics. 
Our approach was applied to data retrieved from ecoinvent. Numerical 
results show that few indicators suffice to describe the environmental 
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performance of a process with high accuracy. Our findings will help develop 
general guidelines for simplified LCA studies that will focus on quantifying 
a reduced number of key indicators. 
Keywords: Multi-linear regression; Streamlined LCA analysis; 
Environmental impact prediction; Mixed-integer linear programming, Life 
Cycle Assessment. 
3.1 Introduction 
Life cycle assessment (LCA) has recently become the prevalent 
approach for quantifying the environmental impact of products and 
processes over their entire life cycle. LCA has expanded rapidly in both 
academia and industry, finding applications in a wide variety of fields. For 
instance, Finneveden et al. (2009) and Hellweg & Mila i Canals (2014) 
provided a review of recent developments in all LCA phases, including 
existing and emerging applications, whereas Jeswani et al. (2010) explored 
the options for broadening the LCA methodology beyond the current ISO 
framework for improved sustainability analysis. 
One of the main drawbacks of LCA is that it requires large amounts of 
data of processes that are operated in disperse facilities across the product 
supply chain. In practice, gathering full information of the operations of 
complex, interrelated industrial systems including all emissions and 
activities for each of them is often prohibitive. First, since data collection 
tends to be highly time consuming and expensive, companies typically store 
information of only a subset of regulated compounds for which records are 
mandatory. Second, a full LCA may require data from external companies 
that might consider them too confidential to be released for external use. 
This situation creates data gaps that might affect critically the outcome of the 
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LCA analysis, thereby leading to spurious conclusions and wrong advice. 
Data availability is therefore a major issue in sustainability assessment that 
can hinder the widespread adoption of sustainability principles in industry. 
Streamlined LCA (SLCA) techniques aim to simplify the LCA analysis 
by reducing the amount of data required in the calculations (Marwah, Shah, 
Bash, Patel, & Ramakrishnan, 2011; Sundaravaradan, Marwah, Shah, & 
Ramakrishnan, 2011). According to the Society of Environmental 
Toxicology and Chemistry (SETAC, 1999), SLCA methods can be roughly 
classified into 3 main groups that differ in the type of simplification 
underlying them: (1) those based on a contraction of the system boundary by 
which some upstream and/or downstream components are removed; (2) 
those based on the use of qualitative and/or less accurate data; and (3) those 
based on a reduction in the number of impact categories or inventory data. 
Group 3 methods, which constitute so far the most widespread 
approach, restrict the analysis to a specific subset of life cycle inventory 
(LCI) entries and/or life cycle impact assessment (LCIA) categories. This 
approach has found applications in many sectors, including vehicle 
development (Arena, Azzone, & Conte, 2013; Moriarty & Honnery, 2008), 
oil refineries and industrial facilities (Weston, Clift, Holmes, Basson, & 
White, 2011), global warming potential evaluation (Bala, Raugei, 
Benveniste, Gazulla, & Fullana-I-Palmer, 2010), coal-fired electricity plants 
(Steinmann et al., 2014), pharmaceuticals (Jiménez-González et al., 2013), 
and food processing (Sanjuán, Stoessel, & Hellweg, 2014), among others. 
The simplification of the LCA study might come at the cost of 
excluding important environmental factors, thereby leading to uncertainties 
as well as potentially wrong conclusions (Hunt, Boguski, Weitz, & Sharma, 
1998). To avoid this, SLCA studies are constructed from detailed knowledge 
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of the process. This makes standard SLCA studies very specific, that is, they 
are only valid for particular industrial sectors and cannot be readily applied 
to other areas. 
In this work the focus is on simplifying LCA studies by reducing the 
number of impacts to be assessed. A large amount of LCIA metrics are 
presently available, but no consensus has been reached yet on which one 
should be universally adopted. Quantifying all of them is highly data 
intensive, because it requires detailed information on many primary 
feedstocks, emissions and waste. 
In a pioneering work, Huijbregts et al. (2006, 2010) proposed to use the 
cumulative energy demand to predict other LCIA metrics through linear 
regression. Hanes et al. (2013) showed that this approach has some 
limitations stemming from the use of a single log transformed metric. The 
debate on which indicator to use continues, but so far no systematic method 
has been developed to provide insight into this problem. 
This work introduces a rigorous approach for selecting proxy LCIA 
metrics in streamlined LCA analysis. Our systematic method relies on a 
novel mixed-integer linear programming (MILP) model that identifies a 
reduced subset of key impacts that are used to estimate the others through 
multi-linear regression. The main advantages of this methodology are two-
fold. First, no significant environmental data will be lost, since all the LCIA 
metrics are either measured or estimated. Second, it requires no aprioristic 
knowledge on the system, because the selection of metrics is performed 
using a systematic approach based on discrete-continuous optimization. 
Our approach has been applied to data retrieved from ecoinvent as a 
first step towards its future application to a more complete dataset 
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constructed from several LCA databases (i.e., GaBi, Simapro, ecoinvent, 
ELCD, NREL) (LBP, 2015; National Renewable Energy Laboratory, 2012; 
Simapro manual PRe Consultants, 2013; Swiss Centre For Life Cycle 
Inventories, 2013; Wolf et al., 2008). Numerical results show that few 
indicators suffice to describe the environmental performance of a process 
with high accuracy and that several LCIA metrics tend to be highly 
correlated (Huijbregts et al., 2006, 2010). The application of our algorithm 
provides deep insight into the relationships between impacts. This 
fundamental knowledge might be used to develop other streamlined LCA 
methods as well as more efficient environmental regulations. 
The paper is organized as follow. Section 2 provides the problem 
statement, while section 3 describes the mathematical formulation. Section 4 
describes the ecoinvent database and presents the numerical results. In 
section 5, the conclusions of the work are drawn. 
3.2 Problem statement 
The problem under study can be formally stated as follows. We are 
given environmental data expressed in the form of a matrix containing |I| 
LCIA metrics i and |J| observations j (each one corresponding to a different 
product). The goal of the analysis is to first identify, among the whole range 
of LCIA metrics available, a given number of them that will be taken as a 
basis for building regression models of impact. These regression models will 
then be used for estimating other impacts with the maximum accuracy 
possible (which are not quantified using LCI data, but rather predicted from 
the proxy impact values). The selection of metrics to be measured must be 
optimal, in the sense that no other combination of such number of metrics 
exists that will yield a better approximation error (when predicting the 
remaining metrics that are not selected as proxy). The quality of this 
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approximation is quantified by the error, which is given by the difference 
between the values of the metrics obtained from a detailed LCA analysis and 
those predicted by the model. Hence, the error is originated from the use of a 
regression model that estimates some LCIA metrics from a reduced set of 
key proxy impact indicators. Note that the set of LCIA metrics selected to 
predict the others is part of the outcome provided by the optimization model. 
Hence, the proxy indicators are identified by the optimization model rather 
than fixed according to some knowledge of the system. 
3.3 Mathematical formulation 
An MILP formulation is developed to tackle the problem defined 
above. Binary variables are used to denote the inclusion of a specific LCIA 
metric in the regression model, while continuous ones denote the coefficients 
of the regression models. The MILP identifies the LCIA metrics that should 
be measured in order to minimize the overall approximation error (note that 
this error is given by the remaining LCIA metrics, that is, by the metrics 
whose values are predicted by the model instead of measured). The MILP 
model is built using a training set that only contains part of the original data. 
The regression model provided as output of the MILP is then evaluated 
using the remaining points in the original data, that is, the so-called 
validation set. Note that the points in this second split of data fall within the 
limits of those in the training set. Hence, no extrapolation is made, which 
could potentially lead to large predictive errors. Fig. 1 summarizes the 
overall approach. Note that the example shown in the figure is for illustrative 
purposes only, as the ratio between the number of processes and impacts is 
too low to ensure reliable results. Some authors suggest that this ratio should 
be at least equal to 5 (Hair, Black, Babin, & Anderson, 2009). 
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Fig. 1. Outline of the approach. In this example, 6 products j and 6 
impacts i are considered. Part of the data is used as training set and part as 
validation set. For a given number of metrics to be measured, say n, the 
MILP is run to identify the optimal metrics used to predict the others 
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through multi-linear regression. The multi-linear models are then assessed 
using the points in the validation set. 
Let us consider LCA data expressed in terms of a matrix with |I| LCIA 
metrics i and |J| observations j (each one corresponding to a different 
product). We propose to use this data to build and train a multi-linear 
regression model that predicts the values of a subset of LCIA metrics, say 
group A metrics, from a set of proxy indicators, say group B metrics. In 
practice, we will quantify with the maximum accuracy possible metrics in 
group B, and use their values to predict metrics in group A. Groups A and B 
are disjoint, since their intersection is the empty set, that is, either a metric 
falls in A or B, but not in both at the same time. 
Let 𝐴 ⊂ 𝐼 be the set of LCIA metrics whose values are predicted (group 
A), and 𝐵 = 𝐼\𝐴 the set of LCIA metrics calculated from complete LCI data 
and used as proxy indicators (group B). The estimated value of LCIA metric 
i' in observation j (recall that an observation corresponds to a particular 
product) can be predicted from the values of the measured LCIA metrics i≠i' 
in that observation. 
𝑦𝑝𝑟(𝑗, 𝑖′) = ∑ 𝑏(𝑖, 𝑖′) · 𝑦𝑜𝑏(𝑗, 𝑖)
𝑖∈𝐵
                          𝑖′ ∈ 𝐴, 𝑗 ∈ 𝐽   (1) 
where ypr(j,i') is the predicted value of metric i' in observation j (i.e., in 
product j), b(i,i') is the regression coefficient of the proxy metric i used in 
the regression model that estimates metric i' and yob(j,i) is the “true value” of 
metric i in observation j. By “true value” we mean the value of the impact 
obtained by performing a detailed LCA analysis on product j. Note that all 
the impacts are forced to pass through the origin in order to avoid negative 
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estimations. The regression coefficient b(i,i’) can take any value between a 
lower (𝑏) and an upper bound (𝑏) following Eq.2: 
𝑏  ≤ 𝑏(𝑖, 𝑖′) ≤ 𝑏                                 𝑖 ∈ 𝐼, 𝑖′ ∈ 𝐼, 𝑖 ≠ 𝑖′  (2) 
Eq. 1 can only be used when the set B is defined beforehand. In the 
proposed approach, however, the selection of the metrics used as proxy 
indicators in the regression models is not made in advance, but it is rather an 
outcome of the optimization model. To model this logic decision (whether a 
metric is used as proxy and therefore obtained from a detailed LCA 
analysis), we define the following disjunction: 
[ 
𝑌(𝑖)
𝑏(𝑖′, 𝑖) = 0 𝑖′ ∈ 𝐼, 𝑖′ ≠ 𝑖
] ∨ [
¬𝑌(𝑖)
𝑏(𝑖, 𝑖′) = 0 𝑖′ ∈ 𝐼, 𝑖′ ≠ 𝑖
]  i ∈ I (3) 
That is, if metric i is selected as proxy, the Boolean variable Y(i) will be 
true, and the regression coefficients for predicting this metric from any other 
metric i’ will be set to zero. This is because the values of metrics selected as 
proxy will be measured rather than predicted. On the contrary, if metric i is 
not selected as proxy, the Boolean variable will be false, and the regression 
coefficients for predicting any other metric i’ from this metric will be set to 
zero. That is, metrics not selected as proxy cannot be used to predict the 
values of other metrics. 
The disjunctive term in Eq. 3 can be reformulated into standard 
algebraic equations using the big-M reformulation (Vecchietti, Lee, & 
Grossmann, 2003), which yields the following equations after appropriate 
simplifications. 
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−𝑀 · (1 − 𝑏𝑖𝑛(𝑖)) ≤ 𝑏(𝑖′, 𝑖) ≤ 𝑀 · (1 − 𝑏𝑖𝑛(𝑖)) 𝑖 ∈ 𝐼, 𝑖′ ∈ 𝐼, 𝑖 ≠ 𝑖′ (4) 
−𝑀 · 𝑏𝑖𝑛(𝑖) ≤ 𝑏(𝑖, 𝑖′) ≤ 𝑀 · 𝑏𝑖𝑛(𝑖) 𝑖 ∈ 𝐼, 𝑖′ ∈ 𝐼, 𝑖 ≠ 𝑖′ (5) 
In Eqs. 4-5, the binary variable bin(i) denotes whether an impact is 
selected or not. Hence, bin(i) will take a value of one if impact i is selected 
as proxy and used to predict the others (note that this implies that such an 
impact i will be calculated from a detailed LCA analysis). The binary 
variable will be zero otherwise (which implies that impact i will not be 
calculated using LCI data, but rather estimated from the proxy LCIA metrics 
through multi-linear regression). Hence, the values of bin(i) define the two 
sets of LCIA metrics: those calculated with LCI data and used as proxy 
indicators to build regression models (group B) (for which bin(i) is one); and 
those estimated from the former metrics (group A) (for which bin(i) is zero). 
Note that the value of the binary variable is not defined beforehand, but 
instead obtained after running the optimization model. 
Additionally, if the value of the big-M parameter M is selected so that 
M=|𝑏|=| 𝑏|, Eq. 2 is no longer required, as it becomes redundant once Eqs. 
4-5 are included in the model. 
Note that limits on b(i,i’) allow the coefficient to take a zero value even 
for a metric used as proxy. This situation should be distinguished from the 
one in which the regression coefficient b(i,i') is forced to take a zero value 
because the corresponding metric i is predicted rather than measured. The 
definition of binary variable bin(i) allows us to rewrite Eq. 1 as in Eq. 6, so 
that it no longer requires the a priori definition of the group B: 
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𝑦𝑝𝑟(𝑗, 𝑖′) = ∑ 𝑏(𝑖, 𝑖′) · 𝑦𝑜𝑏(𝑗, 𝑖)
𝑖∈𝐼,𝑖≠𝑖′
+ 𝑦𝑜𝑏(𝑗, 𝑖′) · 𝑏𝑖𝑛(𝑖′)        𝑖′ ∈ 𝐼, 𝑗 ∈ 𝐽   (6) 
Eq. 6 works as follows: if metric i’ is not selected as proxy but instead 
it is predicted, then bin(i') will be zero and will make the second term of the 
right-hand side of the equation zero as well. Consequently, the predicted 
value of the LCIA metric ypr(j,i') will be calculated from the corresponding 
terms of the multi-linear regression model. On the contrary, if metric i’ is 
used as proxy to predict other metrics, Eq. 4 will force the first term in the 
right-hand side of Eq. 6 to be zero and the predicted value ypr(j,i') will equal 
the value observed yob(j,i'). Hence, in this latter case the error of predicting a 
proxy LCIA metric will be zero, because this indicator is indeed calculated 
from LCI data rather than estimated. 
An important clarification should be made at this point. Our approach 
assumes that the proxy indicators are calculated from LCI data with full 
accuracy, so the term “error” refers to the error of predicting LCIA metrics 
(not quantified from LCI data) from proxy LCIA indicators. In practice, the 
calculation of the proxy LCIA metrics themselves (which are used in the 
regression models) may be affected in turn by several uncertainty sources. 
For simplicity, we neglect these uncertainties in our calculations. 
A maximum limit n on the number of proxy LCIA metrics is imposed, 
because otherwise the model would define all the metrics as proxy indicators 
so as to make the error zero: 
∑ 𝑏𝑖𝑛(𝑖) ≤ 𝑛 
𝑖∈𝐼
 (7) 
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The model seeks to minimize the average relative error of the multi-
linear regression models, which is denoted by ARE and determined as 
follows: 
𝐴𝑅𝐸 =
100
|𝐼| · |𝐽|
· ∑ ∑
𝑒𝑟𝑟𝑜𝑟(𝑗, 𝑖)  
𝑦𝑜𝑏(𝑗, 𝑖)
𝑗∈𝐽𝑖∈𝐼
                                          (8) 
Here, error(j,i) is the absolute value of the difference between the 
values of the metrics that would be obtained from a detailed LCA analysis 
and those predicted by the model. This value can be obtained from Eqs. 9-
10: 
𝑒𝑟𝑟𝑜𝑟(𝑗, 𝑖) ≥ 𝑦𝑝𝑟(𝑗, 𝑖) − 𝑦𝑜𝑏(𝑗, 𝑖)                   𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽   (9) 
𝑒𝑟𝑟𝑜𝑟(𝑗, 𝑖) ≥ 𝑦𝑜𝑏(𝑗, 𝑖) − 𝑦𝑝𝑟(𝑗, 𝑖)                   𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽         (10) 
The overall model can be expressed in compact form as follows: 
min 𝐴𝑅𝐸 (11) 
𝑠. 𝑡.   Eqs. 4-10 
𝑏(𝑖, 𝑖′) ∈ ℝ, 𝑦𝑝𝑟(𝑗, 𝑖) ∈ ℝ
+ 
𝑏𝑖𝑛(𝑖) ∈ {1,0}  
This MILP can be solved by standard branch and cut methods 
implemented in powerful software packages, like CPLEX (IBM ILOG, 
2012). 
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3.4 Results and discussion 
The methodology proposed is applied to 2 categories (electricity and 
oil) of the ecoinvent database, which is arguably the most extensive database 
of life cycle inventory data. These categories include 141 and 90 products, 
respectively. Data in the electricity category is heterogeneous, since there are 
a wide range of different industrial technologies available to provide 
electricity. The oil category, on the contrary, is more homogeneous. Both 
categories satisfy the rule of thumb of 5:1 regarding the ratio between the 
number of products and impacts that ensures reliable results. In this section, 
the fundamentals of ecoivent are first described before presenting in detail 
the numerical results generated with our approach. 
3.4.1 Ecoinvent database 
The ecoinvent database v.2.2 (Frischknecht & Rebitzer, 2005) is used 
in the calculations. This database contains LCA data of 4087 products 
related with human activities classified by region, economic sector and 
product type. 
Ecoinvent provides relevant, reliable, transparent and accessible 
information of several thousands of life cycle inventory datasets in the area 
of agriculture, energy supply, transport, biofuels and biomaterials, bulk and 
specialty chemicals, construction materials, packaging materials, basic and 
precious metals, metals processing, ICT (information and communications 
technology) and electronics as well as waste treatment. 
Our calculations consider 17 LCIA metrics associated with 
technologies belonging to the categories electricity and oil. These 17 LCIA 
metrics, which are shown in Table 1, were calculated following two 
methodologies: the cumulative energy demand approach (CED) (Boustead & 
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Hancock, 1979; Dones, Bauer, & Röder, 2007; Faist-Emmenegger, Heck, & 
Jungbluth, 2007; Frischknecht, Heijungs, & Hofstetter, 1998; Jungbluth, 
2007) and the Eco-indictor 99 methodology (ECO) (M Goedkoop & 
Spriensma, 2000; Mark Goedkoop, Hofstetter, Müller-Wenk, & Spriemsma, 
1998). 
Table 1. Life cycle impact assessment methods (and its metrics) 
covered in this work. 
Methodology LCIA metrics Unit Code 
Cumulative 
Energy 
Demand 
(CED) 
renewable energy resources, biomass MJ-eq CED1 
non-renewable energy resources, fossil MJ-eq CED2 
non-renewable energy resources, 
nuclear 
MJ-eq CED3 
non-renewable energy resources, 
primary forest 
MJ-eq CED4 
renewable energy resources, solar 
converted 
MJ-eq CED5 
renewable energy resources, potential 
(in barrage water), converted 
MJ-eq CED6 
renewable energy resources, kinetic (in 
wind), converted 
MJ-eq CED7 
Eco-
indicator 99 
(ECO) 
ecosystem quality, acidification & 
eutrophication 
ecopoints ECO1 
ecosystem quality, ecotoxicity ecopoints ECO2 
ecosystem quality, land occupation ecopoints ECO3 
human health, carcinogenics ecopoints ECO4 
human health, climate change ecopoints ECO5 
human health, ionizing radiation ecopoints ECO6 
human health, ozone layer depletion ecopoints ECO7 
human health, respiratory effects ecopoints ECO8 
resources, fossil fuels ecopoints ECO9 
resources, mineral extraction ecopoints ECO10 
3.4.2 Numerical results 
Multi-linear regression models were constructed using the k-fold cross 
validation for a k equal to 5, that is, using 80% of the observations as 
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training set and the remaining 20% as validation set (Kohavi, 1995). The 
algorithm is first run for the training set, providing as output the proxy LCIA 
indicators and the multi-linear regression models (MTrain models from here 
on). MTrain models are then assessed using the validation set. The split of 
the data was made following a random procedure and avoiding concentration 
of points in one single region. The split is also done in a manner such that 
the points in the validation set are guaranteed to fall within the limits of the 
training set. The aim here is to avoid extrapolating impact values, which 
would eventually lead to larger approximation errors. 
The model is first run for an increasing number of allowable proxy 
indicators. The MILP was implemented in GAMS 23.7 and solved with 
CPLEX 12.3.0.0 on an Intel Core i5-3470 3.20GHz computer. The model 
features 4149 continuous variables, 6853 constraints and 17 binary variables, 
and it takes around 200 CPU seconds to find the optimal solution with an 
optimality gap of 0%. 
Figs. 2 and 3 show the errors in the training and validation sets as a 
function of the number of proxy LCIA metrics used in the regression 
models. 
Note that MTrain models provide the minimum error in the training set, 
but not necessarily in the validation set. This is because these models are 
built with data of the training set only. To get deeper insight into the results, 
the MILP is run for the validation set data in order to construct another set of 
regression models called MVal. The performance of these models (in the 
validation set) corresponds to the best performance that could be attained by 
any model in the validation set. Hence, this analysis sheds light into how 
well the regression model constructed with the training set data (MTrain) 
performs in the validation set data. 
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As expected, the error decreases in both the training and the validation 
set with the number of proxy impacts included in the regression, first sharply 
and then marginally after a given number of impacts. When the model 
includes just one LCIA metric in the regression, the error is too high to 
guarantee accurate predictions in both categories. This result is consistent 
with the work of Hanes et al. (2013), which found that the use of a single 
proxy indicator as predictor results in poor estimates. The error, however, 
decreases significantly with the number of proxy LCIA metrics. For 
instance, 5 LCIA metrics suffice to predict the remaining 11 metrics with 
errors below 20% in both the training and the validation set for the electricity 
category (Figs. 2A and 2B). This number is even lower in the oil category, in 
which errors below 15% are obtained in both the training and the validation 
set using 3 proxy metrics (Figs. 3A and 3B). 
Comparing the results by categories, we found that the MILP works 
better with the homogeneous set (oil category) and worse with the 
heterogeneous set (electricity category). The error in the homogeneous set is 
always below 16% in the validation set regardless of the number of proxy 
metrics, while the heterogeneous set needs 6 LCIA metrics to show similar 
error values. These results are consistent with the work of Hanes et al. 
(2013), which found that regression models have better predictive capability 
in homogeneous sets than in heterogeneous sets. Overall, the proposed 
methodology is able to make accurate predictions in both cases for a 
sufficient number of proxy indicators. 
Figs. 2B and 3B compare the performance, in the validation set, of the 
best models obtained using points in the training set (MTrain models) and in 
the validation set (Mval models). Recall that to obtain the latter, the 
algorithm was run for the points in the validation set (assuming that these 
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points could be used for building the multi-linear regression models and not 
only for validation purposes). Note that in both categories, the errors in the 
validation set of the MTrain models (the models constructed using 80% of 
the data and tested with the remaining 20%) is slightly higher than the best 
possible errors that could be attained (those associated with MVal models, 
which were constructed and tested with the points of the validation set). 
Differences between both approaches of around 9% are obtained, which 
demonstrates that our methodology provides predictions rather close to the 
best possible prediction that could be made with the data in the validation set 
(even in heterogeneous datasets). 
 
Fig. 2A. Average relative error for the electricity category in the 
training set. The red dots represent the results of models MTrain (when the 
models are constructed using 80% of the data and then tested using the 
remaining 20%). 
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Fig. 2B. Average relative error for the electricity category in the 
validation set. The red dots represent the results of models MTrain (when the 
models are constructed using 80% of the data and then tested using the 
remaining 20%), while the orange triangles represent the minimum errors for 
the validation set obtained with models MVal (when the models are both 
built and tested with the points belonging to the validation set). 
 
Fig. 3A. Average relative error for the oil category in the training set. 
The red dots represent the results of models MTrain (when the models are 
constructed using 80% of the data and then tested using the remaining 20%). 
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Fig. 3B. Average relative error for the oil category in the validation set. 
The red dots represent the results of models MTrain (when the models are 
constructed using 80% of the data and then tested using the remaining 20%), 
while the orange triangles represent the minimum errors for the validation 
set obtained with models MVal (when the models are both built and tested 
with the points belonging to the validation set). 
Each of the red dot points in Figs. 2 and 3 corresponds to a given 
regression model involving a specific set of proxy indicators. Note however, 
that not all the metrics may be equally easy to quantify in practice. For 
instance, the impact on climate change tends to be readily available because 
it reflects a major social concern. Hence, it may be desirable to include it as 
proxy in the regression model. Thus, an interesting analysis is to study 
whether the MILP shows a similar performance even when it is forced to 
include specific metrics. To this end, the MILP is run again forcing it to 
select the following specific metrics as proxy: (1) a metric widely used 
(climate change, ECO5); and (2) a metric seldom selected as proxy (ionizing 
radiation, ECO6). 
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Figs. 4 and 5 show the errors obtained in the following three cases: (1) 
MTrain free, that is, the regression models generated when the MILP can 
select freely the proxy metrics; (2) MTrain climate change fixed, that is, the 
regression models obtained when the MILP is forced to include the metric 
climate change as proxy indicator; and (3) MTrain ionizing radiation fixed, 
that is, the regression models resulting from forcing the MILP to include 
ionizing radiation as proxy indicator. 
The results in the electricity category (Fig. 4) show that MTrain with 
climate change fixed models lead to very similar results as those in the base 
case (models MTrain free). On the other hand, when a unique proxy 
indicator is allowed (i.e., n = 1), model MTrain with ionizing radiation fixed 
shows a larger error than the base case (model MTrain free) in both the 
training set (where the error increases from 54.6% to 72.1%) and the 
validation set (where the error increases from 60.2% to 86.0%). 
Note that in both, the training and the validation sets, the errors 
diminish significantly as we increase the number of proxy indicators, even 
reaching values close to the MTrain free case. Note also that in some cases 
the error in the validation set of the regression models with fixed impacts is 
slightly lower than that of the MTrain free case (i.e., model MTrain with all 
the binary variables free). This is because the optimal MILP solution in the 
training set might not be optimal in the validation set. 
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Fig. 4A. Comparison of the average relative error curve of the 
electricity category for the training set. The red dots represent the MTrain 
free case, the blue squares the MTrain climate change fixed case and the 
green triangles the MTrain ionizing radiation fixed case. 
 
Fig. 4B. Comparison of the average relative error curve of the 
electricity category for the validation set. The red dots represent the MTrain 
free case, the blue squares the MTrain climate change fixed case and the 
green triangles the MTrain ionizing radiation fixed case. 
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Repeating the same calculations for the oil category (Fig. 5), it is found 
that the relative error increases considerably when a specific metric (i.e., 
climate change and ionizing radiation) is forced to be selected as the unique 
proxy indicator (i.e., n = 1). In particular, the error in the training set 
increases from 27.7% to 39.8% when we use the MTrain climate change 
fixed model instead of the MTrain free model, and to 36.4% when we 
employ the MTrain ionizing radiation fixed model. Regarding the error in 
the validations set, it increases from 15.4% to 77.3% when using the MTrain 
climate change fixed model instead of the MTrain free model and to 18.3% 
when resorting to the MTrain ionizing radiation fixed model. However, the 
relative error decreases significantly as we include more proxy indicators, 
leading to results really close to those produced by the MTrain free case. 
 
Fig. 5A. Comparison of the average relative error curve of the oil 
category for the training set. The red dots represent the MTrain free case, the 
blue squares the MTrain climate change fixed case and the green triangles 
the MTrain ionizing radiation fixed case.  
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Fig. 5B. Comparison of the average relative error curve of the oil 
category for the validation set. The red dots represent the MTrain free case, 
the blue squares the MTrain climate change fixed case and the green 
triangles the MTrain ionizing radiation fixed case. 
Figs. 6 and 7 show the LCIA metrics selected in each run of the 
algorithm for the MTrain free case, the MTrain model climate change fixed 
and the MTrain model ionizing radiation fixed. Blue squares denote that a 
given metric is selected as proxy, while white squares represent the opposite 
(that the metric is estimated from the proxy indicators). Columns represent 
the number of proxy LCIA metrics identified by the MILP, while rows 
denote the LCIA metrics selected (according to the notation given in Table 
1). 
As observed, the algorithm changes some proxy metrics as we increase 
their number. In other words, the best combination of n proxy metrics does 
not necessarily belong to the best combination of n+1 proxy indicators and 
so on. In fact, as the number of proxy metrics increases, the MILP tends to 
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replace two or more LCIA metrics selected in previous iterations by new 
ones. 
Furthermore, comparing the MTrain free case with the case in which 
climate change and ionizing radiation are fixed, it is observed that the 
combination of metrics is kept as constant as possible (in most cases, the 
algorithm simply replaces one LCIA metric by the one forced to be 
selected). 
 
Fig. 6. Comparison of the LCIA metrics selected in the electricity 
category for every number of proxy indicators. The first matrix represents 
the MTrain free case (all the variables are free), the second and third 
matrixes correspond to the MTrain climate change fixed case and to the 
MTrain ionizing radiation fixed case, in which the MILP is forced to select 
climate change and ionizing radiation, respectively, as proxy indicators. 
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Fig. 7. Comparison of the LCIA metrics selected in the oil category for 
every number of proxy indicators. The first matrix represents the MTrain 
free case (all the variables are free), the second and third matrixes 
correspond to the MTrain climate change fixed case and to the MTrain 
ionizing radiation fixed case in which the MILP is forced to select climate 
change and ionizing radiation, respectively, as proxy indicators. 
To study redundancies in the impact categories, the model is next 
solved in an iterative manner. That is, for a given number of proxy 
indicators, the MILP is first run to identify a set of impact metrics to be used 
by the multi-linear regression. An integer cut (Balas & Jeroslow, 1972) is 
then added to exclude this combination of proxy metrics in further iterations. 
The MILP is then solved again for the same number of proxy indicators but 
with the following integer cut added: 
∑ 𝑏𝑖𝑛(𝑖)
𝑖∈𝑂𝑁𝐸(𝑟)
− ∑ 𝑏𝑖𝑛(𝑖)
𝑖∈𝑍𝐸𝑅𝑂(𝑟)
≤ |𝑂𝑁𝐸(𝑟)| − 1         𝑟 ∈ 𝑅 (12) 
Here 𝑂𝑁𝐸(𝑟) = {𝑖|𝑏𝑖𝑛(𝑖, 𝑟)∗ = 1} and 𝑍𝐸𝑅𝑂(𝑟) = {𝑖|𝑏𝑖𝑛(𝑖, 𝑟)∗ = 0}, 
with 𝑏𝑖𝑛(𝑖, 𝑟)∗ being the value of the ith component of the vector of binary 
variables in the optimal solution in iteration r of the algorithm. Note that 
ONE(r) and ZERO(r) are both obtained from the optimal MILP solution in 
iteration r. This procedure is repeated iteratively in order to generate 10 
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
CED1                 CED1                 CED1                 
CED2                 CED2                 CED2                 
CED3                 CED3                 CED3                 
CED4                 CED4                 CED4                 
CED5                 CED5                 CED5                 
CED6                 CED6                 CED6                 
CED7                 CED7                 CED7                 
ECO1                 ECO1                 ECO1                 
ECO2                 ECO2                 ECO2                 
ECO3                 ECO3                 ECO3                 
ECO4                 ECO4                 ECO4                 
ECO5                 ECO5                 ECO5                 
ECO6                 ECO6                 ECO6                 
ECO7                 ECO7                 ECO7                 
ECO8                 ECO8                 ECO8                 
ECO9                 ECO9                 ECO9                 
ECO10                 ECO10                 ECO10                 
MTD free MTD climate change fixed MTD ionizing radiation fixed
Number of metrics selected Number of metrics selected Number of metrics selected
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models (all of them with the same total number of metrics selected, but with 
different combinations of indicators and approximation errors) for each 
number of proxy indicators. 
Figs. 8 and 9 compare the errors of the best (first) solution identified by 
the models MTrain and the solutions obtained in the tenth iteration of the 
iterative procedure applied to the same models. As observed, both solutions 
behave similarly in the training set (differences in error between 0% and 
12.1%), but significantly different in the validation sets (differences in error 
between 2.0% and 44.4%). In particular, in the training set, the biggest 
difference between the base case (i.e., the model generated without any 
integer cut) and the solution obtained with the model with integer cuts added 
corresponds to the case of selecting one metric, in both, electricity and oil 
category, with an increase of the error of 11.6% and 12.1% respectively . For 
more than one LCIA metric, the differences between the base case and the 
integer cut solution decrease considerably. 
Regarding the validation set, in the electricity category the differences 
between the base case and the model obtained after the tenth iteration are 
significant. This happens not only for the case of one proxy, but also for up 
to 8 metrics, point at which the differences between both solutions decrease 
significantly. The error differences vary from 1% to 15% in the 8 first 
iterations and are close to 0% in the remaining ones. 
On the other hand, in the validation set of the oil category, the models 
with integer cuts show worse performance than the base case model only for 
the case of selecting one single proxy indicator (i.e., n=1, with an increase in 
the error of around 45%), while they behave better in the remaining cases. 
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In addition, the numerical results show that the error is higher in the 
electricity category than in the oil category. This is because the former 
contains heterogeneous data, as it covers a wide range of different industrial 
technologies available to provide electricity. The environmental impact 
patterns of the products within this category differ substantially, and for this 
reason the correlation between impacts is low. Hence, eliminating 
combinations of proxy indicators from the MILP will have a strong negative 
effect on the predictive capabilities of the multi-linear regression, as the 
remaining candidates to which the model will have to resort to will likely 
show lower correlations with the predicted metrics. 
Note that in some iterations the integer cut solution behaves slightly 
better in the validation set than the solution of the base case. This is because 
the optimal solution of the training set is not guaranteed to be optimal in the 
validation set. 
 
Fig. 8A. Comparison of the average relative error curve of the 
electricity category for the training set. Each series of points corresponds to a 
different MTrain model generated after a given number of integer cuts have 
been included into the MILP formulation. 
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
0
10
20
30
40
50
60
70
Electricity category
Number of LCA metrics used as a predictors
A
v
e
ra
g
e
 r
e
la
ti
v
e
 e
rr
o
r 
o
f 
th
e
 t
ra
in
in
g
 s
e
t 
[%
]
 
 
MTrain
MTrain Integer cut 2
MTrain Integer cut 4
MTrain Integer cut 6
MTrain Integer cut 8
MTrain Integer cut 10
UNIVERSITAT ROVIRA I VIRGILI 
DEVELOPMENT OF SYSTEMATIC METHODS FOR THE ASSESSMENT AND OPTIMIZATION OF LIFE CYCLE 
ENVIRONMENTAL IMPACTS. 
Janire Pascual González 
Dipòsit Legal: T 1570-2015
96 
 
 
Fig. 8B. Comparison of the average relative error curve of the 
electricity category for the validation set. Each series of points corresponds 
to a different MTrain model generated after a given number of integer cuts 
have been included into the MILP formulation. 
 
Fig. 9A. Comparison of the average relative error curve of the oil 
category for the training set. Each series of points corresponds to a different 
MTrain model generated after a given number of integer cuts have been 
included into the MILP formulation. 
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Fig. 9B. Comparison of the average relative error curve of the oil 
category for the validation set. Each series of points corresponds to a 
different MTrain model generated after a given number of integer cuts have 
been included into the MILP formulation. 
3.5 Conclusions 
This paper presented a systematic approach to simplify LCA studies 
that combines multi-linear regression and mixed-integer linear programming 
(MILP). Our algorithm automates the construction of multi-linear regression 
models that make use of a reduced set of key proxy impact metrics for 
predicting impact values in other categories with high accuracy (i.e., at 
minimum relative error). 
This approach was applied to 2 categories of the ecoinvent database, 
electricity and oil, which include 141 and 90 products, respectively. The 
numerical analysis, which covered 17 LCIA metrics, aimed to identify the 
best impacts for predicting the others via multi-linear regression. Numerical 
results show that few indicators suffice to describe the environmental 
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performance with accuracy, with error values below 20% using 5 proxy 
LCIA metrics in the electricity category, and below 15% for 3 proxy 
indicators in the oil category. Furthermore, it was found that the model 
constructed using 80% of the products (training set) behaves in the 
remaining 20% of the products (validation set) almost as well as the best 
model that could be built for the validation set (errors below 9%). This 
demonstrates that the proposed approach is able to make accurate 
environmental predictions for products for which they were not trained. In 
addition, it was found that different combinations of LCIA metrics lead to 
similar approximation errors, suggesting the existence of redundant LCIA 
metrics. 
Our findings will help to develop streamlined LCA studies that will 
focus on predicting the environmental impact of a product from a reduced 
set of key proxy indicators. Our approach could lead to significant savings in 
time and resources associated with data collection. In addition, this work 
opens new avenues for developing more effective environmental regulations 
that will focus on controlling a reduce number of key impacts (as their 
minimization will very likely result in the minimization of other damage 
categories). Future work will apply a similar approach to the analysis of 
LCA data retrieved from other databases. 
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3.7 Nomenclature 
Acronyms 
CED Cumulative energy demand 
ICT Information and communications technology 
LCA Life cycle assessment 
LCI Life cycle inventory 
LCIA Life cycle impact assessment 
MILP Mixed-integer linear programming 
MTrain Regression model obtained by minimizing the error in the 
training set 
MVal Regression model obtained by minimizing the error in the 
validation set 
SLCA Streamlined LCA 
Index 
i LCIA metric 
j Product 
r Iteration of the algorithm 
Sets 
A Set of LCIA metrics whose values will be estimated from those 
of proxy LCIA metrics. Note that in our approach, this set is not 
defined beforehand. 
B Set of proxy LCIA metrics whose values will be used to estimate 
those of other LCIA metrics. Note that in our approach, this set is 
not defined beforehand. 
I Set of LCIA metrics 
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J Set of products 
ONE(r) Set of binary variables whose value is 1 in the iteration r of the 
algorithm 
R Set of iterations 
ZERO(r) Set of binary variables whose value is 0 in iteration r of the 
algorithm  
Parameters 
𝑏 Lower bound on the regression coefficient 
𝑏 Upper bound on the regression coefficient 
n Number of LCIA metrics to be included as proxy indicators in 
the regression model 
yob(j,i)  “True” value of metric i in observation j, which is obtained from 
a detailed LCA analysis 
Variables 
ARE Average relative error of the multi-linear regression model 
b(i,i') Regression coefficient of proxy metric i in the predictive multi-
linear equation of metric i' 
bin(i) Binary variable that equals 1 if metric i is used as proxy 
indicator to estimate the value of other metrics and 0 otherwise 
𝑏𝑖𝑛(𝑖, 𝑟)∗ Value of the ith component of the vector of binary variables in 
the optimal solution of iteration r 
ypr(j,i) Predicted value of LCIA metric i in observation j 
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Abstract 
Understanding how anthropogenic impacts are generated at a global 
scale is a major challenge to face. This work studies the environmental 
impact patterns of the wealthiest nations using environmentally extended 
multi-regional input-output tables. A multivariate statistical analysis is 
performed on data covering 69 environmental indicators (classified into 5 
main categories: energy, emissions, material, water and land), and 41 
countries. This analysis shows that damages in different categories (and also 
within the same one) are highly correlated and that the wealthiest countries 
display very similar environmental impact patterns. These  findings might 
help to develop more effective environmental regulations that will focus on 
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controlling a reduced number of key indicators. In addition, the analysis of 
pollution patterns at a global scale will help to establish unified 
environmental regulations in countries with similar patterns. 
Keywords: Environmentally extended multi-regional input-output model; 
Multivariate statistical analysis; Environmental impact pattern; Life Cycle 
Assessment. 
4.1 Introduction 
The study of the mechanisms by which environmental impacts are 
generated and embodied in international trade channels has recently gained 
wider interest. In this context, environmentally extended multi-regional 
input-output tables (EEMRIO) have emerged as a useful tool to assess the 
impact of economic activities on the environment (Tukker et al., 2013; 
Watson and Moll, 2008). These models attribute pollution or resources 
depletion to the final demand of a product or service following a consistent 
holistic approach (Wiedmann, 2009) that makes them very useful in the 
development of environmental policies. 
A key point in their use and, more generally, in the area of 
environmental engineering, involves the way in which the environmental 
performance is assessed. A plethora of environmental indicators have been 
proposed for quantifying the anthropogenic damage in different categories 
(Arvidsson et al., 2012; Cerdan et al., 2009; Herva et al., 2011; Veleva and 
Ellenbecker, 2001). Among them, those based on Life Cycle Assessment 
(LCA) principles have recently become the prevalent approach (Finnveden 
et al., 2009; Hellweg and Mila i Canals, 2014; Jeswani et al., 2010). A wide 
variety of impact assessment methods based on LCA currently exist 
(Hermann et al., 2007; Lu et al., 2013). Some of these metrics have been 
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used in the context of input-output (IO) models (Chang et al., 2014; Cicas et 
al., 2007; Hendrickson et al., 2006; Junnila, 2008), but their interactions at a 
global scale are still poorly understood. 
Environmentally extended input-output models can be used as a 
standalone tool or combined with multi objective optimization. The latter 
approach has been used to identify key economic sectors in the economies of 
Korea (Cho, 1999), Taiwan (Hsu and Chou, 2000), Portugal (Oliveira and 
Antunes, 2004), Spain (San Cristóbal, 2010), Greece (Hristu-Varsakelis et 
al., 2010) and Japan (Lin, 2011), whose regulation reduces significantly the 
total impact without compromising to a large extent the economic output. 
The aforementioned works focus on single economies. On the contrary, 
the study of environmental impact patterns of nations at a global scale has 
received much less attention to date. The analysis of the impact patterns of 
nations can play a major role in sustainability because it could assist in the 
development of more effective environmental policies in several ways 
(Baumann and Cowell, 1999). First, identifying impacts that behave 
similarly is important for developing simpler regulations that will  focus on a 
reduced number of key pressure indicators (since their control will very 
likely keep other similar indicators within the desired limits). Second, 
nations with similar environmental impact patterns might implement unified 
regulations that are likely to be effective for all of them. 
This work analyzes environmental impact patterns at a global scale by 
applying a statistical analysis on data retrieved from a world multi-regional 
input-output table covering a wide variety of nations and impacts. Numerical 
results show that the environmental pressure indicators as well as the 
environmental impact patterns of the wealthiest nations tend to be highly 
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correlated. This insight might be used by public policy makers seeking to 
reduce the impact at a global scale. 
4.2 Methods 
In this section, the fundamentals of input-output tables are discussed in 
first place before describing the statistical analysis carried in this work. 
4.2.1 WIOD database 
The World Input-Output Database (WIOD) is used in the calculations. 
This database was developed to analyze the effects of globalization on trade 
patterns, environmental pressures, and socio-economic development across a 
wide set of countries (Timmer et al., 2012). WIOD describes the economic 
inputs and outputs (in monetary terms) of 35 manufacturing sectors covering 
27 EU countries and 13 other major countries in the world for the period 
1995-2009. The level of disaggregation of the database, which was 
originally selected based on initial data-availability, ensures a maximum 
level of detail without the need to specify additional information that are 
usually lacking in some national data records. The list of countries included 
in the database is given in Table 1. Note that the input-output data for the 
rest of the world is aggregated into a single hypothetical country called “Rest 
of World”. 
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Table 1. List of countries that appear in WIOD database 
European Union America Asia and Pacific 
Austria Latvia Brazil Australia 
Belgium Lithuania Canada China 
Bulgaria Luxembourg Mexico India 
Cyprus Malta United States Indonesia  
Czech Republic Netherlands  Japan 
Denmark Poland  Russia 
Estonia Portugal  South Korea 
Finland Romania  Taiwan 
France Slovak Republic  Turkey 
Germany Slovenia   
Greece Spain   
Hungary Sweden   
Ireland United Kingdom   
Italy    
4.2.2 Multi-regional IO model 
The WIOD database contains a multi-regional input-output (IO) table 
that covers a wide range of transactions of goods and services between 
several economic regions  (Leontief, 1936; Miller and Blair, 1985). The 
multi-regional IO model used in the calculations is based on the original 
formulation of Leontief (1970), which is adequately modified in order to 
account for several economic regions. Let us consider an economy with R 
regions r and I sectors i in each region. The equations of the IO model for 
this system can be expressed in compact form as follows: 
𝑋(𝑖, 𝑟) = ∑ ∑ 𝑋(𝑗, 𝑟′)𝑎(𝑖, 𝑗, 𝑟, 𝑟′) + 𝑦(𝑖, 𝑟)                    ∀𝑖, 𝑟
𝑟′𝑗
 (1) 
where X(i,r) is the total output in currency units (e.g., US$) of sector i in 
region r, a(i,j,r,r’) denotes the technological coefficients calculated with Eq. 
(2) and y(i,r) is the final demand (end user) of sector i for region r. 
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𝑎(𝑖, 𝑗, 𝑟, 𝑟′) =
𝑥(𝑖, 𝑗, 𝑟, 𝑟′)
𝑋(𝑗, 𝑟′)
                                    ∀𝑖, 𝑗, 𝑟, 𝑟′ (2) 
In Eq. (2), the symbol x(i,j,r,r’) represents the output of sector i of 
region r acting like an input for sector j of region r’. The coefficients 
a(i,j,r,r’) represent the amount (in US$) of output of sector i of region r 
necessary to produce one dollar of output of sector j of region r’. Note that 
Eq. (1) defines a system of linear equations with I·R equations and 
unknowns. This system can be solved for a given fixed demand y and a set 
of technological coefficients a. The environmental impact of an economy is 
calculated using the so-called “pollution intensity” vector, which indicates 
the impact caused in a given environmental category per monetary unit 
traded: 
𝐼𝑀𝑃𝐴𝐶𝑇(𝑘) = ∑ ∑ 𝑖𝑚𝑝𝑎𝑐𝑡(𝑖, 𝑘, 𝑟) = ∑ ∑ 𝑋(𝑖, 𝑟)𝑒(𝑖, 𝑘, 𝑟)       ∀𝑘  
𝑟𝑖𝑟𝑖
 (3) 
where impact(i,k,r) is the environmental indicator in category k associated 
with sector i of region r, while e (i,k,r) is the environmental pollution 
intensity for sector i of region r (i.e., pressure indicator per monetary unit 
traded). Finally, IMPACT(k) is the total environmental impact in category k 
generated by all of the sectors of the economy. 
A distinction is made between production-based and consumption-
based impact of a nation (Peters, 2008). The former is caused by the 
economic activities taking place within the limits of the country (these 
include activities producing goods that are either exported or consumed 
internally). The consumption-based impact of a region is caused by all the 
economic activities (taking place anywhere in the world) that generate the 
amount of goods/services demanded by that region. Note that some of these 
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economic activities will be located in the region of interest while others may 
operate abroad (and all together cover the whole life cycle of those goods 
and services consumed by the country under study). The study of 
consumption-based emissions (as opposed to production-based emissions), 
avoids the potential masking of the environmental impact of a nation that 
might occur when displacing the manufacturing tasks to countries with 
weaker environmental regulations. 
The consumption-based emissions are therefore obtained as follows: 
𝐶𝐵𝐸(𝑟) = ∑ 𝑋𝐶(𝑖, 𝑟)𝑒
𝑖
(𝑖, 𝑘, 𝑟)                                                   ∀𝑟 (4) 
where XC denotes the economic transactions required to fulfill the demand of 
region r. The value of XC is obtained by solving the following system of 
linear equations with I·R equations and unknowns: 
𝑋𝐶(𝑖, 𝑟) = ∑ ∑ 𝑋(𝑗, 𝑟)𝑎(𝑖, 𝑗, 𝑟, 𝑟′) + 𝑦(𝑖, 𝑟)                       ∀𝑖, 𝑟
𝑟′𝑗
 (5) 
where the demand y corresponds to the demand of the region. 
4.2.3 Pressure indicators 
The WIOD database includes a set of environmental satellite accounts 
that cover energy, air emission accounts, materials extraction, land use and 
water use indicators. The calculation of these indicators was carried out 
using information provided by the International Energy Agency (IEA) 
(Table 2) for the year 2009. Note that the approach followed takes into 
account the impact generated in all of the stages in the life cycle of the 
goods/services being analyzed, regardless of the location where the impact 
occurs. 
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Table 2. List of energy commodities, materials, land and water covered 
in the WIOD database 
Flow 
Blue water Electricity 
Green water Heat 
Grey water Nuclear 
CO2 Hydroelectric 
CH4 Geothermal 
N2O Solar power 
NOx Wind power 
SOx Other sources 
CO Distribution losses 
Non-methane volatile organic 
compounds 
Animal biomass (used) 
NH3 Feed biomass (used) 
Arable land Food biomass (used) 
Permanent crops Forestry biomass (used) 
Permanent meadows and pastures Other biomass (used) 
Productive forest area Coal (used) 
Hard coal and derivatives Natural gas (used) 
Lignite and derivatives Crude oil (used) 
Coke Other fossil fuels (used) 
Crude oil, NGL and feedstocks 
Non-metallic minerals for construction 
(used) 
Diesel oil for road transport Other non-metallic minerals (used) 
Motor gasoline Metals (used) 
Kerosene and gasoline Animal biomass (unused) 
Light fuel oil Feed biomass (unused) 
Heavy fuel oil Food biomass (unused) 
Naphta Forestry biomass (unused) 
Other petroleum products Other biomass (unused) 
Natural gas Coal (unused) 
Derived gas Natural gas (unused) 
Industrial and municipal waste Crude oil (unused) 
Biogasoline also including 
Non-metallic minerals for construction 
(unused) 
Biodiesel Other non-metallic minerals (unused) 
Biogas Metals (unsed) 
Other combustible renewables  
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4.2.4 Multivariate statistical analysis 
The consumption-based environmental impact associated with each 
economic region is calculated in first place (Eqs. (4) and (5)). Recall that this 
impact considers all the economic activities required to fulfill the demand of 
a region. To perform the calculations, the demand of the region is fixed 
while the others are set to zero. Let impact(k,r) be the environmental 
indicator in category k of region r (the pressure indicator associated with the 
fulfillment of the demand of region r). The generic consumption-based 
matrix shown in Table 3 is therefore obtained in first place: 
Table 3. Illustrative example of the impact matrix for the case of r 
regions and k categories. 
 Impact category 1 Impact category 2 … Impact category k 
Region 1 Impact (1,1) Impact (2,1) … Impact (k,1) 
Region 2 Impact (1,2) Impact (2,2) … Impact (k,2) 
… … … … … 
Region r Impact (1,r) Impact (2,r) … Impact (k,r) 
A multivariate statistical analysis is then performed on this matrix using 
the XLSTAT software (version 2013.3.02), a statistical add-in for Microsoft 
Excel (Addisonft, 2013). 
A correlation analysis is carried out in first place to measure the 
strength of potential linear and nonlinear relationships between any two 
variables (i.e., environmental indicators). Each sample/observation used in 
the study covers the impacts associated with a given economic region. The 
Mahalanobis Distance methodology (MD) is applied (Mahalanobis, 1936) to 
discard outliers, thereby improving the robustness of the analysis. Hence, for 
each of the R observations (in this case 41 regions), in a p-dimensional 
multivariate sample (where p is the number of variables, which equals 69 
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environmental pressure indicators), a distance value Dr is calculated as 
follows: 
𝐷𝑟 = √(𝐶𝐵𝐸(𝑟) − 𝐶𝐵𝐸̅̅ ̅̅ ̅̅ )𝑇𝑆−1(𝐶𝐵𝐸(𝑟) − 𝐶𝐵𝐸̅̅ ̅̅ ̅̅ )                         ∀𝑟 (6) 
where T is the estimated multivariate location and S the sample covariance 
matrix. 
Under the assumption of multivariate normally distributed data, the 
impact values follow a Chi-square distribution with p degrees of freedom 
(Rousseeuw and van Zomeren, 1990). Hence, the MD is usually converted 
into Chi-square p-values for the analysis. Multivariate outliers are defined as 
observations having a large (squared) MD. A level of significances of 
0.00025 is considered in the analysis. 
The Pearson correlation coefficients (PCC) between pressure indicators 
are calculated after removing the outliers. These coefficients range from 
totally correlated (−1 or 1), to randomly distributed (0). The sign of the 
correlation coefficient (positive or negative), defines the direction of the 
relationship, while the absolute value indicates the strength of the 
correlation. An index is next calculated for each variable (i.e., pressure 
indicator) to quantify the extent to which a given pressure indicator 
correlates with the others. This index is defined as the percentage of pressure 
indicators for which the correlation test yields a positive result (i.e., 
percentage of pressure indicators that are correlated with the indicator being 
analyzed). Hence, the index is calculated as follows: 
𝐶𝑘 =
𝑝′
𝑝
                          ∀𝑘 (7) 
UNIVERSITAT ROVIRA I VIRGILI 
DEVELOPMENT OF SYSTEMATIC METHODS FOR THE ASSESSMENT AND OPTIMIZATION OF LIFE CYCLE 
ENVIRONMENTAL IMPACTS. 
Janire Pascual González 
Dipòsit Legal: T 1570-2015
115 
 
where Ck is the correlation index of pressure indicator k, p’ is the 
number of pressure indicators correlated with it (considering a level of 
significances of 0.001), and p is the total number of pressure indicators left 
after applying the outliers’ methodology. Finally, once the most correlated 
pressure indicators within each group are identified, an analysis is carried 
out in order to assess the type of relationship between environmental 
indicators (i.e., linear, quadratic, logarithmic, exponential, etc.). The 
regression equations are then fitted using the least-squares approach. 
4.3 Results and discussion 
The methodology used to eliminate outliers identifies 5 atypical 
countries: China, India, Poland, United States and “Rest of world”, whose 
pressure indicators’ values, in absolute terms, are between 50 and 250 times 
higher than the average. These regions are removed in order to avoid 
distortions in the final results of the analysis. After removing them, the next 
step is to determine the number of indicators that are correlated with each 
pressure indicator. For this analysis, Pearson correlation coefficients (PCC) 
for a level of significance of 0.001 are considered (see Fig. 1). The pressure 
indicators are classified into 5 main categories: energy (orange bars), 
emissions (brown bars), material (grey bars), water (blue bars), and land 
(green bars). As an example, the indicator diesel is correlated with 86% of 
the remaining metrics, while the metric OTHSOURC, which accounts for 
electricity and heat sources not included as individual categories in the 
database (i.e., sources that do not belong to any single category), correlates 
with only 5% of them. 
Pressure indicators are, in general terms, highly correlated, with 72% of 
them being correlated with more than 50% of the others. These results reveal 
that pressure indicators behave similarly, that is, when a pressure indicator 
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increases so do the others and vice-versa. The most correlated pressure 
indicator is diesel (86%), followed closely by Non-methane volatile organic 
compounds (NMVOC) (85%), and NOx (83%). These findings are 
consistent with others studies performed on individual process technologies 
(Huijbregts et al., 2010, 2006). 
Considering the different categories, it is observed that indicators based 
on emissions are the most correlated ones (all the pressure indicators of this 
category show a correlation index above 74%), while land indicators show 
lower correlation indexes, varying from 28% to 58%. 
 
Fig. 1. Percentage of correlated pressure indicators. Pressure indicators 
are divided into five categories: energy (orange bars), emissions (brown 
bars), material (grey bars), water (blue bars) and land (green bars). The 
height of the bars indicate the percentage of pressure indicators that are 
correlated with a given indicator (i.e., the diesel bar shows the degree of 
correlation between diesel and the remaining indicators, that is, the 
percentage of indicators that are correlated with diesel). 
A heat map is next constructed from the correlation matrix in order to 
get further insight into the strength of the correlation between indicators,. In 
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the heat map, black squares denote totally correlated indicators, while white 
squares represent randomly distributed indicators (see Fig. 2). As noted, the 
strength of the correlation grows with the correlation index. 
For convenience in the presentation of the results, pressure indicators 
are grouped into clusters according to the intensity of the correlation (i.e., 
from more correlated to less correlated). Hence, the indicators corresponding 
to the first 6 bars in Fig.1 are grouped into cluster C1, the next 6 indicators 
into cluster C2 and so on. The final clusters of pressure indicators are shown 
in Table 4. The full version of the heat map without grouping pressure 
indicators is given in Appendix. The heat map shows the average Pearson's 
correlation coefficient between the pressure indicators belonging to each 
cluster. 
 
Fig. 2. Heat map of the pressure indicators matrix based on Pearson 
correlation coefficients. 
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Table 4. Pressure indicators belonging to each cluster 
C1 Diesel oil for road transport C2 Other petroleum products 
 Non-methane volatile organic 
compounds 
 
Crude oil (used) 
 NOx  Crude oil (unused) 
 Grey water  CH4 
 CO  N2O 
 NH3  Crude il, NGL and feedstocks 
C3 Electricity C4 Metals (used) 
 Light fuel oil  Forestry biomass (unused) 
 CO2  Natural gas (unused) 
 Other non-metallic minerals 
(unused) 
 Metals (unsed) 
 SOx  Blue water 
 Natural gas (used)  Distribution losses 
C5 Other fossil fuels (used) C6 Heavy fuel oil 
 Kerosene and gasoline  Naphta 
 Natural gas  Forestry biomass (used) 
 Animal biomass (used)  Non-metallic minerals for 
construction (used) 
 Coal (used)  Green water 
 Animal biomass (unused)  Food biomass (used) 
C7 Food biomass (unused) C8 Coke 
 Hard coal and derivatives  Solar power 
 Motor gasoline  Industrial and municipal waste 
 Other biomass (unused)  Feed biomass (used) 
 Derived gas  Productive forest area 
 Arable land  Nuclear 
C9 Coal (unused) C10 Biogasoline also including 
 Hydroelectric  Permanent crops 
 Feed biomass (unused)  Non-metallic minerals for 
construction (unused) 
 Other biomass (used)  Biodiesel 
 Other combustible renewables  Heat 
 Permanent meadows and pastures  Biogas 
C11 Other non-metallic minerals 
(used) 
  
 Wind power   
 Geothermal   
 Lignite and derivatives   
 Other sources   
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Figs. 3-7 depict scatter plots for the most correlated pressure indicators 
within each category (i.e., the indicators with the largest correlation index 
within each category). As observed, diesel consumption (which belongs to 
the “energy” category), depicts linear correlation with the remaining 
indicators (R2=0.54-0.82; P< 0.001). On average, 70% of the data variability 
could be explained by a linear regression. A deeper analysis of the linear 
correlation reveals that diesel correlates better with pressure indicators 
belonging to the categories emissions (R2=0.82), energy (R2=0.72), and 
materials (R2=0.73); and worse with pressure indicators belonging to the 
categories water (R2=0.68), and land (R2=0.47). A plausible explanation of 
why diesel consumption is highly correlated with some emissions (i.e., 
NMVOC) as well as with crude oil and minerals use is that they are all 
correlated with non-renewable resources depletion. On the contrary, diesel 
shows lower correlation indexes with land and water indicators, mainly 
because they are not directly related to the extraction and processing of fossil 
fuels (Hischier et al., 2005; Jungbluth et al., 2005). 
 
Fig. 3. Linear regression plots with 95-percentile confidence intervals 
(grey lines), based on 41 countries, for indicators diesel and water blue. 
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Fig. 4. Linear regression plots with 95-percentile confidence intervals 
(grey lines), based on 41 countries, for indicators diesel and NMVOC. 
 
Fig. 5. Linear regression plots with 95-percentile confidence intervals 
(grey lines), based on 41 countries, for indicators diesel and crude oil. 
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Fig. 6. Linear regression plots with 95-percentile confidence intervals 
(grey lines), based on 41 countries, for indicators diesel and arable area. 
 
Fig. 7. Linear regression plots with 95-percentile confidence intervals 
(grey lines), based on 41 countries, for indicators diesel and mineral 
industrial unused. 
y = 0.0326x + 1513.3
R² = 0.588
-5.E+04
0.E+00
5.E+04
1.E+05
0.E+00 5.E+05 1.E+06A
ra
b
le
 A
re
a
 (
1
0
0
0
 h
a
)
Diesel (TJ)
y = 0.0545x - 125.12
R² = 0.8176
-5.E+04
0.E+00
5.E+04
1.E+05
0.E+00 5.E+05 1.E+06
M
in
e
ra
ls
 i
n
d
u
s
tr
ia
l 
U
n
u
s
e
d
 (
k
t)
Diesel (TJ)
UNIVERSITAT ROVIRA I VIRGILI 
DEVELOPMENT OF SYSTEMATIC METHODS FOR THE ASSESSMENT AND OPTIMIZATION OF LIFE CYCLE 
ENVIRONMENTAL IMPACTS. 
Janire Pascual González 
Dipòsit Legal: T 1570-2015
122 
 
The degree of similarity between the environmental impact patterns of 
nations is finally investigated. The preprocessing step identifies 12 atypical 
pressure indicators (outliers): water blue, water green, water grey, CH4, SOx, 
CO, HCOAL, Crude, Diesel, HFO, and NATGAS, whose values are up to 
1000 times higher than the average. 
As observed in Fig. 8, the correlation between regions is almost total, 
since 100% of the countries are correlated with more than 95% of the 
remaining nations (considering a level of significance of 0.001 based on the 
Pearson correlation coefficient, PCC). The most correlated country is United 
Kingdom, whose average PCC is 0.90, followed by Poland (PCC=0.90), and 
Luxemburg (PCC=0.89). On the other hand, there are only three countries 
that have a correlation index below 100%: Sweden (98%), France (98%) and 
Estonia (95%), with average PCC values of 0.73, 0.70 and 0.59, 
respectively. 
 
Fig. 8. Percentage of correlated countries. Countries are divided in five 
groups: European Union (blue bars), North America (green bars), Latin 
America (brown bars), Asia and Pacific (orange bars) and Rest of World 
(grey bars). 
Fig. 9 shows the average values of pressure indicators in each category 
along with the lower and upper limits within which they fall in the different 
nations. As observed, countries pollute with different intensities despite 
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showing similar pollution patterns. The ratios between pressure indicators 
are almost constant, while absolute values differ from one country to 
another. 
 
Fig. 9. Mean, minimum and maximum values of the pressure indicators 
in each category. The data provided is normalized by the average value of 
the pressure indicators in each category. 
Fig. 10 shows, as an example, the pollution intensity map for two 
environmental indicators, CO2 and gasoline. As seen, countries like United 
States or Canada show larger pressure indicator values (in those categories) 
than Brazil or India, despite having similar environmental impact patterns. 
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Fig. 10. Consumption-based CO2 emissions (A) and gasoline use (B) 
per capita in 2009. 
Figs. 11-15 show scatter plots for the most correlated countries within 
each region (i.e., European Union, North America, Latin America, Asia and 
Pacific). As observed, United Kingdom correlates linearly with the 
remaining countries (R2=0.80-0.97; P< 0.001). In fact, on average, 81% of 
the data variability could be explained by a linear regression. 
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Fig. 11. Linear regression plots with 95-percentile confidence intervals 
(grey lines), based on 65 pressure indicators for United Kingdom and Spain. 
 
Fig. 12. Linear regression plots with 95-percentile confidence intervals 
(grey lines), based on 65 pressure indicators for United Kingdom and United 
States. 
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Fig. 13. Linear regression plots with 95-percentile confidence intervals 
(grey lines), based on 65 pressure indicators for United Kingdom and 
Mexico. 
 
Fig. 14. Linear regression plots with 95-percentile confidence intervals 
(grey lines), based on 65 pressure indicators for United Kingdom and 
Taiwan. 
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Fig. 15. Linear regression plots with 95-percentile confidence intervals 
(grey lines), based on 65 pressure indicators for United Kingdom and Rest of 
World. 
4.4 Conclusions 
This paper studied the environmental impact patterns of the wealthiest 
economies using environmentally extended input-output tables. The analysis 
covered 69 environmental indicators and 41 countries representing more 
than 85% of the world’s GDP. The methodology followed combines 
multivariate statistical analysis and multi-regional input-output models 
within a single unified framework. This approach allows identifying 
relationships between pressure indicators as well as environmental impact 
patterns. 
The results show that the environmental indicators are highly 
correlated, with 72% of them being correlated with more than 50% of the 
rest. Furthermore, it was found that indicators based on emissions show 
higher degrees of correlations (they are correlated, on average, with 79% of 
y = 13.343x - 222150
R² = 0.8848
0.0E+00
8.0E+06
1.6E+07
2.4E+07
3.2E+07
0.0E+00 6.0E+05 1.2E+06 1.8E+06 2.4E+06
R
e
s
t 
o
f 
W
o
rl
d
United Kingdom
UNIVERSITAT ROVIRA I VIRGILI 
DEVELOPMENT OF SYSTEMATIC METHODS FOR THE ASSESSMENT AND OPTIMIZATION OF LIFE CYCLE 
ENVIRONMENTAL IMPACTS. 
Janire Pascual González 
Dipòsit Legal: T 1570-2015
128 
 
the remaining indicators), while land use metrics show lower correlations 
(they are correlated, on average, with 43% of the indicators). 
In addition, it was found that nations show similar environmental 
impact patterns, despite polluting with different intensity. 
These findings shed light on how the impact is generated at a global 
scale. This knowledge can be used to develop simpler environmental 
regulations that will focus on a reduced number of key indicators, thereby 
leading to significant savings in time and resources. Furthermore, a unified 
environmental legislation might be developed and effectively applied to 
countries displaying similar environmental impact patterns. 
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4.6 Nomenclature 
a(i,j,r,r’) Technological coefficients 
CBE(r) Consumption-based emissions 
Ck Correlation index of pressure indicator k 
Dr Mahalanobis Distance 
e (i,k,r) Environmental pollution intensity for sector i of region r 
EEMRIO Environmentally extended multi-regional input-output 
GDP Gross Domestic Product 
IEA International Energy Agency 
impact(i,k,r) 
Environmental indicator in category k associated with sector i 
of region r 
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IMPACT(k) 
Total environmental indicator in category k generated by all 
the sectors of the economy 
IO Input-output 
LCA Life Cycle Assessment 
MD Mahalanobis Distance methodology 
p 
Total number of pressure indicators after applying the 
outliers’ methodology 
p’ Number of pressure indicators correlated with it 
PCC Pearson correlation coefficient 
S Sample covariance matrix 
WIOD World input-output database 
X
C
 
Economic transactions required to fulfill the demand of region 
r 
x(i,j,r,r’) 
Output of sector i of region r acting like an input for sector j 
of region r’ 
X(i,r) 
Total output in currency units (e.g., US$) of sector i in region 
r 
y(i,r) Final demand (end user) of sector i for region r 
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5 PAPER 4: MULTI-OBJECTIVE MULTI-REGIONAL 
INPUT-OUTPUT MODEL FOR MINIMIZING CO2 
EMISSIONS AT A MACRO-ECONOMIC SCALE: 
APPLICATION TO THE US ECONOMY 
Janire Pascual-González
1
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Abstract 
Designing effective environmental policies for mitigating global 
warming at a global scale is a very challenging task that requires detailed 
knowledge of the international channels through which goods and services 
are traded. Standard environmental regulations focus on reducing the impact 
in the place of origin regardless of the final destination of the goods 
produced. This narrow scope might lead to an unfair allocation of 
responsibilities among the parties involved. This work presents a decision-
support tool that minimizes the impact at a global macroeconomic scale by 
performing changes in the economic sectors of an economy. Our tool 
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combines multi-objective optimization, environmentally extended input-
output tables and life cycle assessment within a unified framework. The 
capabilities of our approach are illustrated through its application to the US 
economy. Our results identify sectors that should be regulated first to reach a 
given environmental target while maximizing the demand satisfaction. From 
the analysis performed, it is concluded that the application of process 
systems engineering tools at a macroeconomic level can provide valuable 
insight for public policy makers during the development of more effective 
environmental regulations. 
Keywords: Input-Output analysis, Multi-objective optimization, Linear 
programming, Global warming potential. 
5.1 Introduction 
In today's globalized market, countries must face the challenge of 
reducing their greenhouse gas (GHG) emissions while remaining 
economically competitive. Policies like the Kyoto Protocol have focused on 
reducing the direct emissions of nations in an attempt to mitigate global 
warming on time. It is well known, however, that countries can mask their 
environmental impact by displacing the manufacturing tasks to regions with 
softer environmental regulations1–6. To avoid this, environmental policies 
should distinguish between production-based and consumption-based 
impact. The production-based impact is caused by the facilities operating 
within the limits of a country. Some of these facilities might produce goods 
that are exported overseas, so the responsibility of their impact should be 
assigned to the final consumer rather than to the producer. Conversely, 
consumption-based impact refers to the impact caused by all the facilities 
(located anywhere in the world) that produce the goods demanded by a 
region. By defining environmental policies based on consumption, final 
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customers are penalized for the impact associated with the goods they 
consume, thereby ensuring a fair scenario where a potential masking of 
impact via displacement of production facilities is prevented. 
It seems clear that in a globalized international market the impact 
should be assessed on a life cycle basis and across nations (i.e., on a 
consumption-based basis). Unfortunately, the calculation of the 
consumption-based impact of a region at a global scale requires large 
amounts of data that are difficult to collect in practice. The theory behind 
consumption-based calculations, however, was developed in economics long 
time ago through the use of input-output models (IO)7. These models study 
economic flows between sectors of the same or different nations and allow 
for the prediction that changes in the demand of a region have on an entire 
economy. The original IO approach focused on a single economic region, 
but was later enlarged in scope in order to deal with several regions 
simultaneously by covering international transactions between sectors of 
different nations8. 
Furthermore, it is possible to integrate environmental aspects into IO 
models, thereby giving rise to environmentally extended input-output 
models (EEIO)9. These models are constructed from standard IO tables by 
incorporating an additional column that displays the impact associated with 
the monetary flows between economic sectors. Recent efforts have been 
undertaken to gather the necessary data to build environmentally extended 
multi-regional input-output tables (EEMRIO) at a global scale10,11. EEMRIO 
models attribute pollution or resources depletion to the final demand of a 
product or service following a consistent holistic approach12, which makes 
them very useful for policy making. 
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EEIO models have been integrated recently with multi-objective 
optimization as a manner to automate the search for alternatives with 
improved performance at a global macroeconomic level. Some authors 
applied this approach to the minimization of the environmental impact in the 
economies of Korea13, Taiwan14, Portugal15, Spain16, Greece17 and 
Japan18The aforementioned works have focused primarily on optimizing 
single economies (without considering international economic transactions). 
This narrow scope neglects the impact that changes in the economy of one 
region may have on other overseas economies. 
This work introduces a systematic strategy that combines multi-
objective optimization and multi-regional input-output models within a 
unified framework that enables the identification of key economic activities 
that are contributing marginally to the economy but significantly to the total 
impact. The main novelty of our approach is that it makes use of a multi-
regional model that enables the assessment of the effects that the 
environmental strategies adopted in a region will have on other nations. This 
approach leads ultimately to solutions that decrease the impact globally 
rather than locally. The capabilities of our approach are illustrated through 
its application to the US economy using information retrieved from the 
World Input-Output Database (WIOD)19. Our final aim is to develop a tool 
to assist public policy makers in the development of more effective 
environmental regulations. 
The paper is organized as follows. In section 2 the problem of interest is 
formally defined, while section 3 introduces the mathematical formulation 
and the solution method. Section 4 summarizes the main results, including a 
preliminary analysis of the IO data and a discussion of the optimization 
results produced by the model, which are generated also for the case of 
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replacing coal by shale gas. Finally, section 5 summarizes the conclusions of 
our work. 
5.2 Problem statement 
The problem we aim to solve can be formally stated as follows. We are 
given macroeconomic information of a set of economic regions. This 
information covers the economic transactions (sales and purchases of goods 
and services) taking place between the economic sectors (located in different 
nations as well as within the same country) that produce the goods and 
services demanded by the global population. The impact associated with 
each economic transaction is expressed in the form of pollution intensity 
vectors that represent the impact caused per unit of money traded. The goal 
of the analysis is to find the sectors to be regulated in order to 
simultaneously minimize the CO2 emissions at a global macroeconomic 
scale and the changes that need to be performed in the economy in order to 
achieve such reductions. As will be discussed in more detail later in the 
article, the second objective is represented through the maximization of the 
demand satisfaction of the economy. 
Note that the outcome of this optimization provides valuable insight for 
public policy makers, which can use it in different ways. The most 
straightforward one is to define taxes on the most polluting sectors so as to 
reduce their demand and therefore the corresponding environmental impact. 
A decrease in the demand will result in turn in a reduction of the economic 
flows, and therefore of the gross domestic product of the country. Hence, a 
more appealing alternative to decrease the impact (without modifying the 
economy to a large extent) is to foster research on cleaner technologies that 
will improve the environmental efficiency of the target sectors. This positive 
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environmental effect will eventually propagate to other industrial sectors via 
trade, thereby enhancing the level of sustainability of the global economy. 
5.3 Mathematical formulation 
 
Fig. 1. Outline of the approach. Environmental impacts are embodied in 
the flows of goods. Input-output tables describe the economic transactions 
taking place between sectors of an economy. The solution of a multi-
objective model based on input-output tables identifies the sectors that need 
to be regulated first so as to attain significant improvements in 
environmental performance with little impact on the economy. 
Fig. 1 summarizes the overall approach. In this example, 2 countries 
and 3 sectors per country are considered. An input-output table, discussed in 
more detail in the ensuing sections, is constructed in the first place with data 
on economic transactions between sectors. In this table, rows represent sales 
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of goods/services from one sector to the others as well as to the final 
consumer, while columns denote purchases from one sector to the others. As 
an example, sector 1 of country A sells 75 monetary units of goods/services 
to sector 2 of country A, and purchases 87 monetary units of goods/services 
from sector 1 of country B. 
The input-output tables allow us to quantify the impact from production 
based and from consumption based perspective, Fig. 2 illustrates the 
differences between thos two approaches. In this example we consider 4 
countries. From a production based approach, A and D are slightly polluting 
countries, B is highly polluting and C is totally clean. On the contrary, from 
the consumption based approach, A and C become the most polluting 
countries, while country B changes from the most polluting to a totally clean 
country. 
 
Fig. 2. Illustrative example of the differences in the quantification of 
impacts between the production based and the consumption based 
perspective. The arrows represent the emissions embodied to goods in trade 
between countries 
Taking this IO table as starting point, an optimization model is 
formulated next and then efficiently solved via optimization methods. The 
outcome of the bi-objective model (minimization of CO2 emissions and 
Production based 
emissions
Country A
Country B
Country C
Country D
Consumption based 
emissions
Country A
Country B
Country C
Country D
A
B C
D
Emissions embodied to goods in trade
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maximization of demand satisfaction) consists of a Pareto set of alternatives, 
each representing a different economic plan. The analysis of these Pareto 
points provides information on the sectors that should be regulated in the 
very first place to achieve a given environmental target while causing 
minimum disturbances in the economy (i.e., while maximizing the 
satisfaction of the current demand). 
The approach presented here relies on a bi-objective linear 
programming model that contains the basic equations of an environmentally 
extended multi-regional input-output (EEMRIO) table. This section starts by 
describing IO models, a topic that is typically missing in the standard 
chemical engineering literature, before presenting the complete 
mathematical formulation. 
5.3.1 Input-Output (IO) model 
In its basic form, an input-output model is based on a system of linear 
equations that describe the distribution of the outcome of an economic sector 
throughout the economy. Table 1 shows a generic IO table, in which the 
rows represent the sales between sectors and the columns the purchases. 
Table 1. Illustrative example of an IO table for the case of 1 region and 
3 industrial sectors. 
 
Sales   
Sector 1 
[$] 
Sector 2 
[$] 
Sector 3 
[$] 
Final 
demand [$] 
Total 
output [$] 
P
ur
ch
as
es
 
Sector 1 
[$] 
x(1,1) x(1,2)  x(1,3) y(1) X(1) 
Sector 2 
[$] 
x(2,1) x(2,2)  x(2,3) y(2) X(2) 
Sector 3 
[$] 
x(3,1) x(1,2)  x(3,3) y(3) X(3) 
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For an economy with sectors i, the equations of an IO model can be 
expressed in compact form as follows: 
𝑋(𝑖) = ∑ a(i,j)X(j)+y(i)
𝑗
             ∀i (1) 
where: 
X(i), X(j) are variables denoting the total output in currency units (e.g. 
US$) of sector i/j. 
y(i) is a parameter representing the final demand (end user) of sector i. 
a(i,j) are parameters denoting the technological coefficients, which are 
calculated with Eq 2 (note that this equation contains only parameters, so it 
can be left out of the pure IO model). 
𝑎(𝑖, 𝑗) =
?̅?(𝑖, 𝑗)
?̅?(𝑗)
                            ∀𝑖, 𝑗 (2) 
where, ?̅?(𝑖, 𝑗) is the current output of sector i acting like an input for sector j, 
while ?̅?(𝑗) is the current total output in currency units (e.g. US$) of sector j. 
The coefficients a(i,j) represent the amount (in US$) of output of sector i 
necessary to produce one dollar of output of sector j. The IO model assumes 
that there is a direct proportionality between the total output of sector j and 
the inputs that this sector acquires from its supplying sectors. Accepting this 
premise, the technological coefficients a(i,j) can be considered constant for a 
certain period, assuming that the technological conditions of the total 
production of an economy remain unchanged. IO tables are typically used 
for predicting changes in the sectors of an economy according to changes in 
the demand of a single (or several) sectors. This analysis is carried out by 
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fixing the demand to the predicted value and then solving the resulting 
system of linear equations. This calculation provides the economic flows 
(corresponding to sectorial transactions) required to satisfy the new demand. 
As will be explained in more detail later in this article, our IO model is 
based on the WIOD database, which covers a wide range of transactions of 
goods and services between several world economic regions7,20. 
5.3.2 Environmental extension of the IO Model 
The purely economic IO table can be modified so as to include 
environmental aspects, which gives rise to an environmentally extended 
input-output table (EEIO). To this end, additional rows denoting the 
pollution intensity of each sector (i.e., impact per unit of money traded) are 
added to the original table. These new rows contain environmental 
coefficients for each sector and impact. For an economy with i sectors, the 
following equation is used: 
𝐼𝑚𝑝(𝑖) = 𝑋(𝑖)𝑒(𝑖)                     ∀𝑖 (3) 
𝑇𝐼𝑚𝑝 = ∑ 𝐼𝑚𝑝(𝑖) = ∑ 𝑋(𝑖)𝑒(𝑖)                  
𝑖𝑖
 (4) 
where Imp(i) is the environmental impact (i.e., global warming potential) 
associated with sector i, while e(i) is the environmental pollution intensity 
for sector i (i.e., impact per monetary unit traded). Finally, TImp is the total 
environmental impact generated by all of the sectors of the economy. 
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5.3.3 Multi-regional IO Model 
Multi-regional IO tables cover transactions of goods and services 
between economic sectors of different countries. For an economy with 
regions r and sectors i in each region, Eq. 1 should be rewritten as follows: 
𝑋(𝑖, 𝑟) = ∑ ∑ 𝑋(𝑗, 𝑟′)𝑎(𝑖, 𝑗, 𝑟, 𝑟′) + 𝑦(𝑖, 𝑟)                       ∀𝑖, 𝑟
𝑟′𝑗
 (5) 
The following notation is used here: 
X(i,r), X(j,r’) are variables denoting the total output in currency units 
(e.g. US$) of sector i/j in region r/r’. 
a(i,j,r,r’) are parameters representing the technological coefficients, 
which are calculated via Eq. 6. 
y(i,r) is a parameter denoting the final demand (end user) of sector i of 
region r. 
Note that, similarly to the previous case, for a given demand and 
technical coefficients, the model takes the form of a system of linear 
equations with the same number of equations and unknowns. The values of 
the technical coefficients are obtained from the current values of the 
economic flows as follows (again note that this equation contains parameters 
only, so it can be left out of the pure IO model): 
𝑎(𝑖, 𝑗, 𝑟, 𝑟′) =
?̅?(𝑖, 𝑗, 𝑟, 𝑟′)
?̅?(𝑗, 𝑟′)
                                    ∀𝑖, 𝑗, 𝑟, 𝑟′ (6) 
In Eq. 6, ?̅?(𝑖, 𝑗, 𝑟, 𝑟′) is a parameter denoting the current output of sector i 
of region r acting like an input for sector j of region r’, while ?̅?(𝑗, 𝑟′) is 
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another parameter that represents the total current output in currency units 
(e.g. US$) of sector j in region r’. Note again that we assume here that the 
relationship between the amount purchased from a sector to its neighboring 
sectors and the total output of the sector is constant in a given time period. 
Hence, the current values of the economic flows are used to calculate the 
values of the technical coefficients, and these technical coefficients are then 
employed in the calculation of the economic flows that would be required to 
satisfy another given demand. Hence, the reader should not confuse the 
current economic flows (i.e., parameters ?̅?(𝑖, 𝑗, 𝑟, 𝑟′) and ?̅?(𝑗, 𝑟′)) corresponding 
to the current demand, with those calculated for a different demand (i.e., 
variables 𝑥(𝑖, 𝑗, 𝑟, 𝑟′) and 𝑋(𝑗, 𝑟′)). The technical coefficients a(i,j,r,r’) 
represent the amount (in US$) of output of sector i in region r necessary to 
produce one dollar of output of sector j in region r’. Taking this into account, 
the environmental equations can be rewritten as follows: 
𝐼𝑚𝑝(𝑖, 𝑟) = 𝑋(𝑖, 𝑟)𝑒(𝑖, 𝑟)                    ∀𝑖, 𝑟 (7) 
𝑇𝐼𝑚𝑝 = ∑ ∑ 𝐼𝑚𝑝(𝑖, 𝑟) = ∑ ∑ 𝑋(𝑖, 𝑟)𝑒(𝑖, 𝑟)                    
𝑟𝑖𝑟𝑖
 (8) 
where e(i,r) is the environmental pollution intensity for sector i of region r 
(i.e., impact per monetary unit traded). Finally, TImp is the total 
environmental impact generated by all of the sectors of the economy. 
5.3.4 Multi objective optimization problem based on linear programming. 
As already mentioned, an IO table leads to a system of linear equations 
in which the total output of each sector is the unknown variable, while its 
demand is a fixed parameter. The system of linear equations is typically 
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solved for different demand values (y(i,r)), which provides valuable insight 
into the effect that demand changes have on the economic and environmental 
performance of the overall economy. 
Bearing all this in mind, we use the basic EEMRIO table to develop a 
multi-objective LP model. On the one hand, we would like to minimize the 
environmental impact. Since it is assumed that the technologies (and 
therefore the corresponding pollution intensities) are given, the only option 
to accomplish this goal is to reduce the economic flows (x(i,r)), that is, the 
economic activity of each sector. This action will reduce in turn the demand 
satisfaction level attained by the economy. Hence, the goal of the 
optimization is twofold: to minimize the environmental impact and to 
minimize the extent to which the economy needs to be modified in order to 
reduce the impact to the level sought. The latter objective is here modeled 
through the maximization of the demand satisfaction (i.e., maximization of 
demand flows, y(i,r)). In our case, the environmental impact is quantified via 
the total CO2 emissions (note however that any other impact indicator could 
be used instead). Finally, our approach leads to the following bi-criterion 
optimization problem: 
  
UNIVERSITAT ROVIRA I VIRGILI 
DEVELOPMENT OF SYSTEMATIC METHODS FOR THE ASSESSMENT AND OPTIMIZATION OF LIFE CYCLE 
ENVIRONMENTAL IMPACTS. 
Janire Pascual González 
Dipòsit Legal: T 1570-2015
148 
 
min {- ∑ ∑ 𝑦(𝑖, 𝑟),  𝑇𝐼𝑚𝑝
r𝑖
} 
(9) 
𝑠. 𝑡.    𝑋(𝑖, 𝑟) = ∑ ∑ 𝑋(𝑗, 𝑟)𝑎(𝑖, 𝑗, 𝑟, 𝑟′) + 𝑦(𝑖, 𝑟)              ∀𝑖, 𝑟
𝑟′𝑗
  
𝑇𝐼𝑚𝑝 = ∑ ∑ 𝐼𝑚𝑝(𝑖, 𝑟) =
𝑟𝑖
∑ ∑ 𝑋(𝑖, 𝑟)𝑒(𝑖, 𝑟)        
𝑟𝑖
 
 
𝑦0(𝑖, 𝑟) ≤ 𝑦(𝑖, 𝑟) ≤ 𝑦0(𝑖, 𝑟)                                      ∀𝑖, 𝑟  
𝑋(𝑖, 𝑟),   𝑦(𝑖, 𝑟),   𝑇𝐼𝑚𝑝,   𝐼𝑚𝑝(𝑖, 𝑟) ∈ ℝ+ 
 
where Imp(i,r) denotes the environmental impact (i.e., the CO2 emissions) 
produced by sector i of region r, while e(i,r) is the environmental coefficient 
for sector i of region r. Finally, TImp is the total impact generated by the 
sectors of the economy. 
This LP model seeks to optimize simultaneously the demand 
satisfaction and the associated CO2 emissions (Timp) at a global scale (i.e., 
across the world), subject to the standard equations of the input output 
tables, the environmental equation that quantifies the CO2 emissions, and a 
flexible demand constraint. Thus, the model minimizes the total CO2 
emissions regardless of the place where the emissions are released. This 
approach avoids solutions in which the emissions of a country are minimized 
by displacing the manufacturing tasks to other regions. 
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In this formulation, the demand is represented by a continuous variable 
which is constrained within realistic lower and upper bounds. Hence, as 
opposed to standard IO tables where y(i,r) is a parameter, here it is defined 
as a variable. With this modeling approach, the model is flexible enough to 
leave part of the demand unsatisfied, which reflects the situation that would 
arise when regulating the demand of the sector. The LP identifies in a 
systematic manner those sectors whose demand needs to be modified in first 
place so as to achieve a given environmental target while maximizing the 
demand satisfaction. This information provides valuable insight for public 
policy makers on how to improve the environmental performance of the 
global economy. Specifically, the solution calculated by the optimization 
algorithm can be implemented in practice by: (i) imposing taxes on these key 
sectors; (ii) improving the environmental efficiency of their technologies; 
(iii) combining both strategies simultaneously. 
5.3.5 Solution method 
The solution of the bi-criterion optimization problem described above is 
given by a set of Pareto solutions representing the optimal trade-off between 
the conflicting objectives. These Pareto points show the property that it is 
impossible to improve them simultaneously in all of the objectives without 
necessarily worsening at least one of the others. There are several methods 
available for solving multi-objective optimization problems. Without loss of 
generality, this work applies the epsilon constraint method, which solves a 
series of single objective sub-problems where one objective is selected as 
main criterion while the others are transferred to auxiliary constraints that 
impose bounds on them21. 
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5.4 Results 
The approach presented was applied to the US economy in order to 
minimize the CO2 emissions at a global scale by regulating its economic 
sectors. This part of the paper is organized as follows. Section 4.1 describes 
the database used in this work. Section 4.2 provides a preliminary analysis 
that assesses the CO2 emissions embodied in the trade of goods and services 
within US sectors, and between US sectors and other foreign sectors. Section 
4.3 summarizes the results obtained with the bi-objective model. Section 4.4 
analyzes the effect that replacing coal by shale gas, an emerging trend in the 
US economy, will have on the outcome of the optimization. 
5.4.1 Data source 
The World Input-Output Database (WIOD) was used in our 
calculations. This database was originally developed to analyze the effects of 
globalization on trade patterns, environmental pressures and socio-economic 
development across a wide set of countries19. The WIOD describes the 
economic inputs and outputs (in monetary terms) of 35 manufacturing 
sectors, covering 27 EU countries and 13 other major countries in the world 
for the period 1995 to 2009. The level of disaggregation, which was chosen 
on the basis of initial data-availability exploration, ensures a maximum level 
of detail without the need for additional information that is typically lacking 
in the system of national accounts. The 35-industry list is identical to the list 
used in the EUKLEMS database22, but shows an additional breakdown of the 
transport sector. The list of manufacturing sectors is given in Table 2, while 
the list of countries covered by the database is given in Table 3. The 
preliminary analysis is simplified by grouping the 35 manufacturing sectors 
into 6 main sectors according to the type of activity (see Table 2). 
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Table 2. List of manufacturing sectors that appear in WIOD-database 
Business Services 
Financial Intermediation Hotels and Restaurants 
Renting of M&Eq and Other Business 
Activities 
Education 
Construction Health and Social Work 
Retail Trade, Except of Motor 
Vehicles ; Repair of Household 
Goods 
Other Community, Social and 
Personal Services 
Sale, Maintenance and Repair of 
Motor Vehicles Retail Sale of Fuel 
Public Admin and Defense; 
Compulsory Social Security  
Wholesale Trade and Commission 
Trade, Except of Motor Vehicles 
Private Households with Employed 
Persons  
Industry Real Estate Activities 
Coke, Refined Petroleum and Nuclear 
Fuel Technology 
Chemicals and Chemical Products Electrical and Optical Equipment 
Rubber and Plastics Post and Telecommunications 
Other Non-Metallic Mineral Machinery, Nec 
Electricity, Gas and Water Supply Manufacturing, Nec; Recycling 
Food, Beverages and Tobacco Transport 
Textiles and Textile Products Transport Equipment 
Leather, Leather and Footwear Inland Transport 
Pulp, Paper, Paper , Printing and 
Publishing 
Water Transport 
Primary sector Air Transport 
Agriculture, Hunting, Forestry and 
Fishing 
Other Supporting and Auxiliary 
Transport Activities; Activities of 
Travel Agencies Mining and Quarrying 
Wood and Products of Wood and 
Cork  
Basic Metals and Fabricated Metal  
 
  
UNIVERSITAT ROVIRA I VIRGILI 
DEVELOPMENT OF SYSTEMATIC METHODS FOR THE ASSESSMENT AND OPTIMIZATION OF LIFE CYCLE 
ENVIRONMENTAL IMPACTS. 
Janire Pascual González 
Dipòsit Legal: T 1570-2015
152 
 
Table 3. List of countries that appear in WIOD database 
European Union America Asia and Pacific 
Austria Latvia Brazil Australia 
Belgium Lithuania Canada China 
Bulgaria Luxembourg Mexico India 
Cyprus Malta United States Indonesia  
Czech Republic Netherlands  Japan 
Denmark Poland  Russia 
Estonia Portugal  South Korea 
Finland Romania  Taiwan 
France Slovak Republic  Turkey 
Germany Slovenia   
Greece Spain   
Hungary Sweden   
5.4.2 Data analysis 
Production-based emissions of US industrial sectors 
We first studied the extent to which every sector of the economy 
contributes to the overall CO2 emissions. Fig. 3 shows a breakdown of the 
US production-based CO2 emissions according to the sector of origin. Every 
bar in the figure represents the total emissions of each economic sector, 
which was quantified following a production-based approach; that is, the 
figure shows the emissions released within the limits of US (and regardless 
of the final destination of the goods produced). The production-based CO2 
emissions of sector i of country r (denoted by ImpP(i,r)) are calculated from 
the sales of the sector and the associated pollution intensity, as follows: 
𝐼𝑚𝑝𝑃(𝑖, 𝑟) = 𝑋𝑃(𝑖, 𝑟)𝑒(𝑖, 𝑟)                                       ∀𝑖, 𝑟 = 𝑈𝑆 (10) 
where XP(i,r) represents the sales of sector i of region r, and 𝑒(𝑖, 𝑟) is 
the pollution intensity (environmental coefficient for sector i of region r 
expressed in Gt CO2 per US$). 
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Note that the CO2 emissions are originated from economic transactions 
that produce goods consumed by either national (dark blue bars in Fig. 3) or 
international (light blue bars in Fig. 3) customers. 
The total production-based US emissions were 4.2 Gt in 2009, while 
the total exported emissions were 0.3 Gt. More than half of the emissions 
generated within US belong to the sector industry. A more disaggregated 
analysis (see Fig. A.1. in the appendix) shows that activities related to 
chemical engineering (sectors: coke, refined petroleum and nuclear fuel, 
chemicals and chemical products and rubber and plastics) represent 9% of 
the total emissions, while the production of utilities (sector electricity, gas 
and water supply) represents 48% of the total emissions. 
Fig.3. Dark blue bars represent the breakdown of total production-based CO2 
emissions generated within the limits of US (total emissions equal 4.2 Gt 
CO2/year). Light blue bars are the breakdown of CO2 emissions exported via 
trade (total exported emissions equal 0.3 Gt CO2/year. 
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Consumption-based emissions of US industrial sectors 
The consumption-based emissions of US consider the CO2 emissions 
associated with all the facilities located anywhere in the world that cover the 
demand of every single sector of US, either directly (i.e., sectors that send 
goods that cover the demand of the US sector) or indirectly (sectors whose 
output is used as intermediate input by other sectors that ultimately cover the 
demand of the US sector). The consumption-based CO2 emissions (denoted 
by ImpC(i,r)) are therefore obtained as follows: 
𝐼𝑚𝑝𝐶(𝑖, 𝑟) = ∑ ∑ 𝑋𝐶(𝑖′, 𝑟)𝑒
𝑖′
(𝑖′, 𝑟)
𝑟
                           ∀𝑖, 𝑟 = 𝑈𝑆 (11) 
where XC denotes the economic transactions required to fulfill the demand of 
sector i of region r. Note that, as opposed to the production-based emissions 
of sector i, the consumption-based ones might be associated with sectors 
different from i that produce goods used as intermediate products to 
ultimately cover the demand of i. The value of XC is obtained by solving the 
following system of linear equations with |I|·|R| equations and unknowns: 
𝑋𝐶(𝑖, 𝑟) = ∑ ∑ 𝑋𝐶(𝑗, 𝑟′)𝑎(𝑖, 𝑗, 𝑟, 𝑟′) + 𝑦(𝑖, 𝑟)        ∀𝑖, 𝑟 = 𝑈𝑆
𝑟′𝑗
 (12) 
where demand y(i,r) corresponds to the demand of sector i in region r (i.e., 
US). Note that this equation considers all the economic transactions required 
to satisfy the demand of every sector of the US economy regardless of the 
place where they take place. 
The total US consumption-based emissions are 4.8 Gt (versus 4.2 Gt of 
production-based emissions), while the total imported emissions are 1.1 Gt 
(versus 0.3 Gt of CO2 emissions exported). Hence, almost 90% of the total 
CO2 emissions (4.2 out of 4.8 Gt) attributed to the US economy are 
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generated by internal activities, while the remaining 10% are imported from 
abroad via trade. This 10% mismatch between production-based and 
consumption-based emissions shows that the US is masking part of its 
impact by importing goods and services from abroad. 
Fig.4 shows the results of this analysis, where each bar denotes the total 
emissions associated with the manufacturing tasks (taking place in any 
sector of any country) required to fulfill the demand of every US sector 
(regardless of the region and sector where they occur). As an example, to 
fulfill the demand of the sector industry, US needs to emit 1.5 Gt of CO2 
emissions within its boundaries, while other countries need to emit 0.31 Gt 
that are “imported” by the US economy via trade. On the other hand, this 
sector produces 2.5 Gt of CO2, 0.14 Gt of which are exported (see Fig.3). 
Note that these 2.5 Gt of CO2 are associated with the facilities of this sector 
that aim to fulfill either the intermediate demand of other sectors or the final 
demand of the sector itself. 
As observed, the economic activities associated with the sector industry 
are responsible for a large amount of emissions (2.53 Gt CO2, which 
represents 64% of the total US production-based emissions, as shown in Fig. 
3), while the emissions released for satisfying the demand of the sector are 
significantly lower (1.51 Gt CO2, which represents 38% of the total US 
consumption-based emissions in Fig. 4). This means that most of the 
emissions generated by the sector are ultimately associated with other 
sectors that purchase goods/services from it and use them as intermediate 
products. Hence, the sector industry is indeed the largest ultimate source of 
impact, but in practice its outputs are used by other sectors that should share 
the corresponding responsibility.  
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Within the sector industry (see Fig. A.2 in the appendix), 22% of the 
direct consumption-based emissions are associated with the subsector 
electricity, gas and water supply. Chemical engineering sectors represent 9% 
of the production-based emissions, and 7% of the consumption-based ones. 
The mismatch between production-based and consumption-based 
emissions is further explored in Fig.5, which shows a breakdown of the 
emissions of the industry sector according to the ultimate destination of the 
goods. As observed, the main sectors that have transactions with the sector 
industry are the same sector itself (54%), followed by services (23%) and 
business (11%). 
 
Fig. 4. Dark blue bars represent the breakdown of total consumption-based 
CO2 emissions generated to satisfy the demand of each US sector (total 
emissions equal 3.8 Gt CO2/year). Light blue bars are the sectorial 
breakdown of CO2 emissions imported via trade (total imported emissions 
equal 1.1 Gt CO2/year. 
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Fig. 5. Breakdown of the emissions of the sector industry in 2009 according 
to the final demand of the sectors. Each portion represents the percentage of 
production-based CO2 emissions generated by the sector industry that are 
attributed to the intermediate demand of each US sector. 
Fig. 6 shows a more detailed comparison between consumption-based 
and production-based emissions for each of the sectors of the US economy. 
Those sectors close to the line have a lower mismatch between production-
based and consumption-based emissions (e.g., sector transport). In sectors 
below the line, the production-based emissions exceed the consumption-
based ones (e.g., sector industry), while in the sectors above the line, the 
opposite situation occurs (e.g., sector technology). As already discussed, the 
overall mismatch between production-based and consumption-based 
emissions is around 10%. However, this mismatch can be significantly larger 
on a sectorial basis. More precisely, consumption-based emissions are 
significantly higher than production-based emissions in the sectors business 
(ratio of 143%), services (202%) and technology (401%), while they are 
lower in sectors industry (32%) and primary sectors (67%). This was 
expected, as part of the output of industrial and primary sectors is used to 
provide services, develop technology and run businesses. A more detailed 
analysis of this issue covering the subsectors within each sector is provided 
in Fig. A.4. of the appendix. Regarding the chemical engineering activities, 
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we found that sector coke, refined petroleum and nuclear fuel is a net 
producer sector (its consumption-based emissions are 34% lower than its 
production-based emissions); while sectors chemicals and chemical products 
and rubber and plastics are net consumer sectors (consumption-based 
emissions are 4% and 52% higher than production-based emissions, 
respectively. 
Fig. 6. Comparison between the consumption (dark blue bars) and 
production-based (light blue bars) accounting approaches in 2009. Each bar 
represents one industrial sector. 
Fig. 7 shows a more detailed spatial analysis of the geographical 
distribution of the emissions traded that covers the top countries (and their 
industrial sectors) with which US exchange goods and services. Note that 
“Rest of World” (ROW) accounts for the joint emissions of several 
countries. 
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Fig. 7. Countries with higher trade of CO2 with US in 2009. ROW = 
Rest of World; CHN = China; CAN = Canada; RUS = Russia; JPN = Japan; 
MEX = Mexico; GBR = United Kingdom. 
As observed, trade is larger between countries like China, Canada, 
Russia, Japan, Mexico, Great Britain and the nations accounted for in “Rest 
of the World”. Regarding the breakdown of emissions by sectors, we found 
that industry and primary sectors cover 68% and 55% of the USA 
imported/exported emissions, respectively. These results are consistent with 
the work by David and Caldeira (2010)1. 
5.4.3 Multi-objective optimization 
The multi-objective IO model described previously was applied to 
minimize the impact of the US economy at a global scale (considering all the 
emissions required to satisfy the US demand). For convenience in the 
presentation of the results, the demand satisfaction level is expressed as the 
percentage of the total demand that is effectively covered (note however that 
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the objective that is maximized is the summation of the demand flows rather 
than the percentage of demand satisfied). This percentage is obtained as 
follows: 
𝐷𝑆𝑎𝑡 = 100 ∑
 𝑦(𝑖, 𝑟)
 𝑦0(𝑖, 𝑟)
𝑖
                                                 ∀𝑟 = 𝑈𝑆 (13) 
where demand y(i,r) corresponds to the optimized demand of sector i in 
region r (i.e., US) and y0(i,r) is the current demand of sector i in region r 
(i.e., US). In the calculations, we assume that the optimized demand must 
fall within 90% to 100% of the actual demand. 
The resulting LP model features 5,742 variables and 4,308 constraints. 
It was implemented in the General Algebraic Modeling Software (GAMS v 
24.4.1) and solved with CPLEX v12.6.1.0. The CPU time varied between 
15.77 and 44.35 CPU seconds depending on the instance being solved. 
 
Fig. 8. Pareto optimal frontier for global CO2 production-based 
emissions (Gt/year) vs demand satisfaction (%) in 2009. 
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Fig. 8 shows the 10 Pareto points obtained using the epsilon constraint 
method. The Pareto frontier, as expected from the LP nature of the model, is 
concave with the slope increasing as we move to the left. Hence, as we go 
from the maximum demand satisfaction solution (solution 1) to the 
minimum impact one (solution 10), greater reductions of demand 
satisfaction are required for a given reduction of CO2 emissions. 
Each point of the curve corresponds to a different macroeconomic 
alternative in which sectors are classified into 3 main groups: Those with a 
demand hitting its lower bound, those with a demand hitting its upper bound, 
and only one sector with a demand lying between the lower and upper 
bound. Hence, an important outcome of the optimization is the number of 
sectors whose final demand is modified to reach a given environmental 
target. The number of sectors regulated increases as we move from the 
maximum demand satisfaction solution (all sectors fully cover the final 
demand) to the minimum impact one (all the demands hit the lower bound of 
90%). 
Table 4 displays the ratio between the optimal reduction in CO2 
emissions and the corresponding drop in demand satisfaction for every point 
of the Pareto frontier: 
𝑅𝑎𝑡𝑖𝑜 =
CO2 emissions reduction  (%)
demand unsatisfaction   (%)
 (14) 
Note that the values of this Ratio are consistent with the concave nature 
of the Pareto set. In the same table, the Cut sectors row indicates the number 
of productive sectors whose final demand must be modified to reach the 
corresponding environmental target (note that there are in total 1435 sectors, 
that is, 35 sectors and 41 countries). 
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Table 4. Optimal solutions found for the CO2 emissions minimization 
for 2009. The number of sectors refers to the disaggregated sectors provided 
in the Appendix. 
Pareto Points 1 2 3 4 5 6 7 8 9 10 
CO2 emissions 
reduction (%)  
0.0 0.3 0.5 0.8 1.1 1.4 1.6 1.9 2.2 2.4 
Demand 
satisfaction (%) 
100 99.9 99.9 99.6 99.0 98.1 96.8 95.4 93.4 90.0 
Ratio - 3.9 3.9 1.8 1.1 0.7 0.5 0.4 0.3 0.2 
Cut sectors 0 14 14 261 449 734 885 885 1075 1435 
In the maximum demand solution, all of the sectors fulfill the maximum 
demand. The minimum impact solution (i.e., solution 10) shows the lowest 
ratio (0.2), but allows for the largest reduction in CO2 emissions (2.4%) at 
the expense of reducing the demand by 10%, and cutting 1,435 sectors. In 
contrast, the intermediate Pareto point 6 shows a ratio close to 0.7 with a 
reduction of 1.35% in CO2 emissions and a demand satisfaction of 98.1%. 
Fig. 9 shows the reduction in production-based CO2 emissions of each 
country compared to the base case (current situation) in the minimum impact 
solution, in an intermediate solution (i.e., solution 6) and in the solution with 
the highest improvement ratio (i.e., solution 2). 
As seen, the largest reduction in emissions occurs in United States, 
followed by Canada and Mexico. These last two countries exchange a large 
amount of goods/services with US via trade, and for this reason their CO2 
emissions are affected significantly by changes in the US economy. 
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Fig. 9. Total percentage reduction of production-based emissions before and 
after the optimization. Each bar represents a different Pareto point: the 
minimum impact solution (blue bar), an intermediate Pareto point (green 
bar) and the maximum ratio solution (grey bar) (solutions 10, 6 and 2 of 
Table 4, respectively). 
 
Fig. 10. Total percentage reduction of production-based emissions of US 
sectors before and after the optimization. Each bar represents one Pareto 
point: the minimum impact solution (blue bar), an intermediate Pareto point 
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(green bar) and the maximum ratio solution (grey bar) (solutions 10, 6 and 2 
of Table 4, respectively). 
Fig. 10 shows how the US sectors reduce their emissions during the 
optimization (see Fig. A.6. in Supplementary material for the disaggregated 
results). As observed, as we move from the maximum impact solution to the 
minimum impact one (Pareto point 2), the first sector that is cut is industry 
(0.36%), which shows a high ratio CO2 emissions/demand satisfaction (see 
Eq.14). An increasing number of sectors are then gradually cut until the 
minimum impact solution is reached, in which the emissions reductions in 
all sectors are above 8%. A more disaggregated analysis shows that the first 
sector affected by the optimization is electricity, gas and water supply 
(2.6%). In addition, the emissions associated with chemical engineering 
activities are reduced by 8.2% in the minimum impact solution. 
Finally, Fig. 11 is similar to Fig. 10, but shows the changes in 
emissions of the sectors at a global scale rather than the changes taking place 
only in US. 
Fig. 11. Total percentage reduction of production-based emissions of global 
sectors before and after the optimization. Each bar represents one Pareto 
point: the minimum impact solution (blue bar), an intermediate Pareto point 
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(green bar) and the maximum ratio solution (grey bar) (solutions 10, 6 and 2 
of Table 4, respectively). 
As seen in Fig. 11, the model regulates first those sectors with a high 
ratio impact/total output, with the sector industry being the first to be 
modified. The analysis of the minimum impact solution shows also that the 
most affected sector is services (3.5%) followed closely by the business 
sector (3.0%) (see Fig. A.7. of the Supplementary material for the 
disaggregated results). 
5.4.4 Impact of Shale Gas 
The interest in shale gas as an available source of natural gas has grown 
rapidly in the US, where it has become one of the major sources of energy. 
This trend in the US is motivated by different factors, including the 
existence of large reserves and the fact that it is cleaner than standard fossil 
fuels in terms of contribution to global warming (see Table 5)23. 
Table 5. Pollution intensity of electricity technologies in US24. 
Energy Source Pollution intensity (kgCO2/kWh) 
Coal 1.001 
Petroleum 0.840 
Shale Gas 0.479 
Natural Gas 0.469 
Geothermal 0.045 
Solar 0.042 
Nuclear 0.016 
Wind 0.012 
Hydroelectric 0.004 
Bearing this in mind, this section aims to analyze the effect that 
increasing the share of shale gas in the electricity grid of US will have on its 
overall environmental performance. Specifically, this section analyzes 
several plausible scenarios, each entailing a different replacement ratio of 
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coal by shale gas (i.e., percentages of replacement of coal by shale gas: 15% 
scenario Shale +, 25% scenario Shale ++, and 50% scenario Shale +++). 
To model these scenarios, we proceeded as follows. The pollution 
intensity parameter of the US sector Electricity, gas and water supply 
(subsector S17 belonging to the sector industry, as shown in Table A.1. of 
disaggregated sectors provided as supplementary material) was modified, 
keeping the remaining parameters constant. The amount of energy required 
per unit of money traded (denoted by parameter 𝑒𝑛𝑒𝑟𝑔𝑦(𝑠17, 𝑈𝑆)) was first 
obtained as follows: 
𝑒𝑛𝑒𝑟𝑔𝑦(𝑠17, 𝑈𝑆) =
𝑒(𝑠17, 𝑈𝑆)
∑ 𝑃𝐼(𝑛)𝑛 · 𝑤(𝑛)
  (15) 
where PI(n) is the pollution intensity of technology n (i.e., CO2 emissions 
per kWh), w(n) is the share of technology n in the electricity grid of US (that 
falls in the interval 0-1) and e(S17,US) is the pollution intensity factor of the 
sector Electricity, gas and water supply (S17) of US, expressed in kgCO2/$. 
After determining the amount of energy required per monetary unit 
traded in sector S17, we next modified the share of coal and shale gas 
(w(coal) and w(shale gas)) according to the forecasted scenarios displayed in 
Table 6. The modified impact per monetary unit traded in sector S17 was 
then obtained as follows: 
𝑒′(𝑠17, 𝑈𝑆) = 𝑒𝑛𝑒𝑟𝑔𝑦(𝑠17, 𝑈𝑆) ∑ 𝑃𝐼(𝑛)
𝑛
· 𝑤′(𝑛)  (16) 
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Table 6. Electricity grid of US for the base case, scenario Shale+, 
scenario Shale++ and scenario Shale+++. The pollution intensity of sector 
17 for every scenario is shown in the last row of the table. 
Energy Source 
Base case 
% of use23 
Shale+ 
% of use 
Shale++ 
 % of use 
Shale+++ 
% of use 
Coal 44.5 37.8 33.4 22.3 
Geothermal 0.4 0.4 0.4 0.4 
Hydroelectric 7.0 7.0 7.0 7.0 
Natural Gas 23.6 23.6 23.6 23.6 
Nuclear 20.2 20.2 20.2 20.2 
Petroleum 1.3 1.3 1.3 1.3 
Shale Gas 0.0 6.7 11.1 22.3 
Solar 0.5 0.5 0.5 0.5 
Wind 2.0 2.0 2.0 2.0 
e(s17,US) (kgCO2/$) 5.25 4.93 4.71 4.18 
The LP was then solved again for the new modified environmental 
coefficients of sector 17 (Eq. 9). 
 
Fig. 12A. Pareto optimal frontier for global CO2 production-based 
emissions (Gt/year) vs US demand satisfaction (%) in 2009 for the base 
case, scenario Shale+ (15% of coal replaced by shale gas), scenario Shale++ 
(25% of coal replaced by shale gas) and scenario Shale+++ (50% of coal 
replaced by shale gas). 
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Fig. 12B. Pareto optimal frontier for production-based CO2 emissions 
in US (Gt/year) vs US demand satisfaction (%) in 2009 for the base case, 
scenario Shale+ (15% of coal replaced by shale gas), scenario Shale++ (25% 
of coal replaced by shale gas) and scenario Shale+++ (50% of coal replaced 
by shale gas). 
Fig.12A shows the 10 Pareto points (CO2 emissions worldwide vs 
demand satisfaction) for the base case, scenario Shale+ (15% of coal 
replaced by shale gas), scenario Shale++ (25% of coal replaced by shale gas) 
and scenario Shale+++ (50% of coal replaced by shale gas). These points 
were solved following the same procedure as before, that is, maximizing the 
demand satisfaction for different targets on the emissions. Fig. 12B is 
equivalent to Fig.12A, but it shows the US production-based emissions 
instead of the world production-based emissions. Note that the points have 
been projected here onto the subspace “US emissions vs demand 
satisfaction”, despite the fact that they were generated in the subspace 
“Global emissions vs demand satisfaction”. 
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The analysis of the extreme scenario Shale+++ (50% of coal replaced by 
shale gas) shows that US CO2 production-based emissions can drop by more 
than 10% compared to the base case, while the world emissions can drop by 
up to 2% in all the Pareto points (the Pareto frontier shifts to the left). 
An in-depth analysis of the Pareto frontier shows that the most affected 
countries and sectors are the same that in the base case (Figs. 9-11). 
However, when the shale gas is included in the electricity grid, the CO2 
emissions reductions are significantly larger. 
5.5 Conclusions 
This work has presented an approach for minimizing the CO2 emissions 
at a macroeconomic level by modifying the sectors of an economy. Our 
approach combines multi-objective optimization and multi-regional input-
output models within a single unified framework that allows identifying key 
economic sectors whose regulation leads to larger reductions in impact at a 
minimum change in demand satisfaction. The tool introduced was applied to 
the US economy in order to identify the best policies to be implemented in 
practice for mitigating global warming. 
A preliminary analysis of the IO data reveals that consumption-based 
US emissions are higher than production-based, evidencing that part of its 
impact is currently being masked by displacing the manufacturing tasks to 
other countries. This happens as well on a sectorial basis, where the life 
cycle emissions of several sectors exceed their emissions taking place within 
the limits of US. More than half of the production-based emissions belong to 
the sector industry, while sectors related to chemical engineering activities 
represent 9% of the total emissions (i.e., sectors Coke, Refined Petroleum 
and Nuclear Fuel, Chemicals and Chemical Products and Rubber and 
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Plastics shown in the supplementary material). Most of these emissions, 
however, are ultimately associated with sectors that differ from the one that 
releases them (i.e., the emissions are originated in one sector, but are 
required to cover the demand of a different sector). As for the spatial 
distribution of emissions, we found that the trade of emissions is larger with 
China, Canada, Russia, Japan, Mexico and Great Britain. 
The optimization algorithm identified the sectors that should be 
regulated in order to attain a given environmental target while maximizing 
the demand satisfaction. The global sectors that would be more affected by a 
potential environmental regulation of the US economy would be services 
and business, with a reduction of 3.5% and 3.0%, respectively, in the 
minimum impact solution. These changes in the economy would also have a 
significant impact on Mexico and Canada, countries with which US 
maintains a more intense commercial activity. 
Finally, replacing fossil fuels by shale gas can lead to reductions of up 
to 2% in global CO2 emissions and up to 10% in production-based US CO2 
emissions. 
Our analysis provides valuable insight for decision makers during the 
development of more effective environmental regulations. This approach can 
be easily extended to deal with other economic regions and environmental 
impacts, and opens new avenues for the application of process systems 
engineering tools in macroeconomic problems. 
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5.7 Nomenclature 
Acronyms 
EEIO Environmentally extended input-output 
EEMRIO Environmentally extended multi-regional input-output 
EU European Union 
GHG Greenhouse Gas Emissions 
IO Input-output 
LP Linear programing  
Shale+ Case study 1: 15% of coal replaced by shale gas 
Shale++ Case study 2: 25% of coal replaced by shale gas 
Shale+++ Case study 3: 50% of coal replaced by shale gas 
US United States 
WIOD World Input-Output Database 
Index 
i Economic sector 
j Economic sector 
n Energy technology 
r Region 
r’ Region 
Parameters 
a(i,j) Amount (in US$) of output of sector i necessary to 
produce one dollar of output of sector j 
a(i,j,r,r’) Amount (in US$) of output of sector i of region r 
necessary to produce one dollar of output of sector j of 
region r’ 
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e(i) Environmental pollution intensity for sector i (i.e., impact 
per monetary unit traded) 
e(i,r) Environmental pollution intensity for sector i of sector r 
(i.e., impact per monetary unit traded) 
energy(s17,US) Amount of energy required per unit of money traded 
Imp
C
(i,r) Consumption-based CO2 emissions 
Imp
P
(i,r) Production-based CO2 emissions 
PI(n) Pollution intensity of technology n 
w(n) Share of energy technology n in the electricity grid of US 
X
C
(i,r) Economic transactions required to fulfill the demand of 
sector i of region r 
X
P
(i,r) Sales of sector i of region r 
x(i,j) Output of sector i acting like an input for sector j 
?̅?(𝑖, 𝑗) Current output of sector i acting like an input for sector j 
x(i,j,r,r’) Output of sector i of region r acting like an input for sector 
j of region r’ 
?̅?(𝑖, 𝑗, 𝑟, 𝑟′) Current output of sector i of region r acting like an input 
for sector j of region r’ 
?̅?(𝑗) Current total output in currency units (e.g. US$) of sector j 
?̅?(𝑗, 𝑟) Current total output in currency units (e.g. US$) of sector j 
in region r’ 
Variables 
DSat Demand satisfaction 
Imp(i) Environmental impact (i.e., global warming potential) 
associated with sector i  
Imp(i,r) Environmental impact (i.e., global warming potential) 
produced by sector i of region r 
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RATIO Ratio between the optimal reductions in CO2 emissions for a 
given change in demand satisfaction for every point of the 
Pareto frontier 
Timp Total environmental impact generated by all of the sectors 
of the economy 
X(i) Total output in currency units (e.g. US$) of sector i 
X(i,r) Total output in currency units (e.g. US$) of sector i in region 
r 
X(j) Total output in currency units (e.g. US$) of sector j 
X(j,r’) Total output in currency units (e.g. US$) of sector j in region 
r’ 
y(i) Final demand (end user) of the sector i 
y(i,r) Final demand (end user) of the sector i of region r 
y0(i,r) Current final demand (end user) of the sector i of region r 
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5.9 Appendix 
Table A.1. List of manufacturing sectors that appear in WIOD-database 
S1 Agriculture, Hunting, Forestry and Fishing 
S2 Mining and Quarrying 
S3 Food, Beverages and Tobacco 
S4 Textiles and Textile Products 
S5 Leather, Leather and Footwear 
S6 Wood and Products of Wood and Cork 
S7 Pulp, Paper, Paper , Printing and Publishing 
S8 Coke, Refined Petroleum and Nuclear Fuel 
S9 Chemicals and Chemical Products 
S10 Rubber and Plastics 
S11 Other Non-Metallic Mineral 
S12 Basic Metals and Fabricated Metal 
S13 Machinery, Nec 
S14 Electrical and Optical Equipment 
S15 Transport Equipment 
S16 Manufacturing, Nec; Recycling 
S17 Electricity, Gas and Water Supply 
S18 Construction 
S19 Sale, Maintenance and Repair of Motor Vehicles Retail Sale of Fuel 
S20 Wholesale Trade and Commission Trade, Except of Motor Vehicles  
S21 Retail Trade, Except of Motor Vehicles ; Repair of Household Goods 
S22 Hotels and Restaurants 
S23 Inland Transport 
S24 Water Transport 
S25 Air Transport 
S26 Other Supporting and Auxiliary Transport Activities; Activities of 
Travel Agencies 
S27 Post and Telecommunications 
S28 Financial Intermediation 
S29 Real Estate Activities 
S30 Renting of M&Eq and Other Business Activities 
S31 Public Admin and Defence; Compulsory Social Security 
S32 Education 
S33 Health and Social Work 
S34 Other Community, Social and Personal Services 
S35 Private Households with Employed Persons 
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Fig.A.1 Blue bars represent the breakdown of total production-based 
CO2 emissions generated within the limits of US (total emissions equal 4.2 
Gt CO2/year). Orange bars are the breakdown of CO2 emissions exported via 
trade (total exported emissions equal 0.3 Gt CO2/year). 
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Fig. A.2 Blue bars represent the breakdown of total consumption-based 
CO2 emissions generated to satisfy the demand of each US sector (total 
emissions equal 3.8 Gt CO2/year). Orange bars are the sectorial breakdown 
of CO2 emissions imported via trade (total imported emissions equal 1.1 Gt 
CO2/year. 
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Fig. A.3. Breakdown of the emissions of Electricity, Gas and Water 
Supply in 2009 according to the final demand of the sectors. Each portion 
represents the percentage of production-based CO2 emissions generated by 
the US sector Electricity, Gas and Water Supply (S17) that are attributed to 
the intermediate demand of each US sector 
Fig. A.4. Comparison between the consumption (blue bars) and production-
based (orange bars) accounting approaches in 2009. Each bar represents one 
industrial sector. 
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Fig. A.5. Countries with higher trade of CO2 with US in 2009. ROW = 
Rest of World; CHN = China; CAN = Canada; RUS = Russia; JPN = Japan; 
MEX = Mexico; GBR = United Kingdom 
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Fig. A.6 Total percentage reduction of production-based emissions of 
US sectors before and after the optimization. Each bar represents one Pareto 
point: the minimum impact solution (blue bar), an intermediate Pareto point 
(green bar) and the maximum ratio solution (red bar) (solutions 10, 6 and 2 
of Table 4, respectively). 
 
Fig. A.7 Total percentage reduction of production-based emissions of 
global sectors before and after the optimization. Each bar represents one 
Pareto point: the minimum impact solution (blue bar), an intermediate Pareto 
point (green bar) and the maximum ratio solution (red bar) (solutions 10, 6 
and 2 of Table 4, respectively). 
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